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Abstract
Obesity over the Life Course: Perspectives in Health and Mortality

by
Noura E. Insolera

Adviser: Professor Neil G. Bennett

This dissertation seeks to examine obesity in different contexts throughout the life course.
Through empirical analyses, separate stages of the life course are considered: namely childhood
through adolescence, young adulthood, and adulthood. By using a life course perspective, it is
possible to consider longitudinal and intergenerational approaches to these questions, which will
update and inform the current debates surrounding obesity.
Beginning with children, the intergenerational transmission of diet disease knowledge,
socioeconomic status, and child health behaviors are considered in their associations with the
outcomes of child diet in 2002, and in turn their associations with child obesity in 2007.
Information used in this analysis includes, but is not limited to, age, race, sex, Body Mass Index,
diet, sleep, and exercise. For this portion of the dissertation, 1,691 parent-child pairs make up the
samples which will be weighted in order to make the sample nationally representative of the age
group in United States population. By linking parent and child variables into one data set, it is
possible to look at how demographic, socioeconomic, health status, and health behaviors are
associated with child diet and child obesity. By utilizing linear and logistic regression methods, it
is possible to look at these factors to see which items are associated with obesity. In order to
iv

facilitate this research, three key indexes are created to capture parental diet disease knowledge,
child dietary diversity, and child obesity for each parent-child pair. The results show that
increased diet-disease knowledge of the parent significantly increases the dietary diversity of the
child, and in turn, the more diverse a child’s diet the lower odds they have of becoming obese.
Continuing to adults, a longitudinal measure of obesity over 13 years defined as ‘chronic
obesity’ is investigated as the key independent variable of interest. The sample for this analysis
consists of a panel of 4,287 adults from 1986 to 2013. Individuals between the ages of 31 and 65
in 1999 were followed through 2013, which is the latest wave of data to be released. Also
beginning in 1999 were the health condition questions that ask about the presence of conditions
including asthma, diabetes, hypertension, heart attack, heart disease, and stroke. The second set
of analyses estimate multivariate competing-risks proportional hazard models of health condition
onset using each disease sample separately. Each of these four health condition sub-samples,
Asthma, Diabetes, Stroke/Heart Attack, and Hypertension uses death as a competing risk factor
and contains four models. Cox proportional hazard models were used to perform multivariate
analyses to better understand the association between ‘chronic obesity’ and all-cause mortality as
compared to other weight status categories, while controlling for demographic, socioeconomic,
and health covariates. Overall, chronic obesity increased the hazard of either being diagnosed
with a health condition or dying from all-cause mortality more than the other measures of obesity
and weight status during the time period.

v

Acknowledgments
I would like to begin by thanking Neil G. Bennett, Mary Clare Lennon, Jennifer Beam
Dowd, and Deborah Balk for your invaluable feedback, your thoughtful guidance, and your
compassion which is appreciated more than you know. It has been such a pleasure to be a part of
the CUNY Institute for Demographic Research with all of the support and encouragement you all
have given me over the past six years. I especially want to thank Richard Alba and Na Yin for
allowing me to research alongside you both during my research fellowships.
Thank you to my University of Michigan colleagues who have supported my ongoing
academic pursuits. To Frank Stafford who started me on this path in Economics 495, and Kate
McGonagle who saw a place for me at the PSID and helped me to thrive both at work and
school. To Vicki Freedman, Bob Schoeni, Teri Rosales, and Mohammad Mushtaq who made
sure I kept ‘chipping away at it.’ Thank you to my HRS ladies who lunch, for much needed time
to refuel for the tasks ahead. And to you, Patty Hall, for helping in any and every way you could
at the office, at home, or on the road.
Finally, thank you to Ryan for being by my side on this journey to becoming Dr. and Dr.
Insolera. Because of you I have reached goals I would have never dreamed of even setting before
I met you. We have picked up a few amazing companions along the way from Ms. Winnie
Cooper to Mack and Jonas. Boys, you have shown me that I can do it, whatever ‘it’ may be, and
I hope to show you the same thing each day. Mama Inso, you made this all possible, every bit of
it. Baba, Mom, and Najat, I will never be able to convey my gratitude for your unwavering belief
in my abilities, or your pride in my accomplishments. Onward!

vi

Table of Contents
Chapter 1 - Introduction .............................................................................................................. 1
Chapter 2 - Theoretical Framework ........................................................................................... 7
Childhood .................................................................................................................................... 8
Adulthood .................................................................................................................................. 15
Overarching Theories ................................................................................................................ 18
Chapter 3 - Data and Methods .................................................................................................. 21
Data ........................................................................................................................................... 21
Survey History and Background............................................................................................ 21
PSID and Life Course Research ............................................................................................ 24
Response Rates, Attrition, and Validity ................................................................................ 25
Methods ..................................................................................................................................... 27
Measuring Obesity................................................................................................................. 27
Empirical Analysis of Child Dietary Diversity and Child Obesity ....................................... 29
Methodology.......................................................................................................................... 34
Linear Regression for Child Dietary Diversity...................................................................... 34
Logistic Regression for Child Obesity .................................................................................. 35
Empirical Analysis of Chronic Obesity, Health Events, and Mortality ................................ 36
Descriptive Statistics ............................................................................................................. 40
Methodology.......................................................................................................................... 43
Competing-Risks Proportional Hazards for Health Conditions ............................................ 43
Cox Proportional Hazards for Mortality ................................................................................ 44
Chapter 4 - Child Dietary Diversity and Child Obesity Status .............................................. 46
Background ............................................................................................................................... 46
Constructed Variables ............................................................................................................... 49
Results - Child Dietary Diversity in 2002 - Linear Regression Models ................................... 67
Demographic Independent Variables .................................................................................... 70
Socioeconomic Independent Variables ................................................................................. 72
Health Independent Variables ............................................................................................... 74
Summary of Dietary Diversity Analysis Results ................................................................... 75
Results – Child Weight Status in 2007 – Logistic Regression Models ..................................... 76
Demographic Independent Variables .................................................................................... 79
vii

Socioeconomic Independent Variables ................................................................................. 82
Health Independent Variables ............................................................................................... 83
Summary of Child Overweight or Obesity Analysis Results ................................................ 84
Chapter 5 –Chronic Obesity, Health Conditions, and Mortality ........................................... 86
Background ............................................................................................................................... 86
Constructed Variables ............................................................................................................... 90
Weight Status ......................................................................................................................... 92
Demographic Variables ......................................................................................................... 93
Socioeconomic Status Variables ........................................................................................... 95
Physical Health and Health Behavior Variables.................................................................... 97
Dependent Variables – Health Conditions and Mortality ................................................... 100
Results - Health Conditions – Cumulative Integrated Hazard Models ................................... 102
Weight Status ....................................................................................................................... 103
Demographic Variables ....................................................................................................... 106
Physical Health and Health Behavior Variables.................................................................. 106
Summary.............................................................................................................................. 107
Results - Health Conditions – Multivariate Competing-Risk Hazard Models ........................ 107
Weight Status ....................................................................................................................... 110
Demographic Independent Variables .................................................................................. 112
Physical Health and Health Behavior Variables.................................................................. 116
Summary.............................................................................................................................. 118
Results - All-Cause Mortality Analyses .................................................................................. 119
Weight Status ....................................................................................................................... 122
Demographic Variables ....................................................................................................... 123
Socioeconomic Status Variables ........................................................................................ 124
Physical Health and Health Behavior Variables.................................................................. 124
Summary ................................................................................................................................. 125
Chapter 6 – Implications, Recommendations, and Future Research .................................. 126
Big Picture ............................................................................................................................... 126
Limitations .............................................................................................................................. 128
Future Research ....................................................................................................................... 129
Preventing Obesity in Young Adulthood ............................................................................ 129
Comparing Child Cohorts .................................................................................................... 130
Cause of Death in Adults ..................................................................................................... 131
viii

Aging and Retirement .......................................................................................................... 131
Conclusion............................................................................................................................... 132
Appendix A – Parent Child File Merging ............................................................................... 133
Appendix B – Hazard Models by Health Condition .............................................................. 136
Bibliography .............................................................................................................................. 140

ix

List of Tables
Chapter 2
Table 2.1 – Erikson’s Eight Ages of Man………………………………………………… 7
Chapter 3
Table 3.1 – Variable Source and Collection Description………………………………...... 31
Table 3.2 – Descriptive Statistics by Sample………………………….……………………33
Table 3.3 – Sample Sizes by Sample Type…………………………….…………………. 39
Table 3.4 – Descriptive Statistics of the Mortality and Health Condition Samples………. 41
Chapter 4
Table 4.1 – Child Obesity ……………………….…………………………………..…...... 50
Table 4.2 – Distribution of Child’s Dietary Diversity Index Items …………………...….. 53
Table 4.3 – Food Group Mean Differences……………………………………………....... 53
Table 4.4 – Parental Diet Disease Scale Items..…………..…………………………....….. 54
Table 4.5 – Parental Diet Disease Scale Score…………………………………………….. 55
Table 4.6 – Distribution of Parental Diet Disease Scale ……………………………......…. 55
Table 4.7 – Child Age Groups……………………………………………………….......… 56
Table 4.8 – Sex of Child…………………………………………………………………… 57
Table 4.9 – Child Race………………………………………………………………...…....57
Table 4.10 – Parent Marital Status…………………………………………………...….….58
Table 4.11 – Percent Living in Urban-Rural Areas……….……………………………..… 59
Table 4.12 – Number of Children in the Family Unit………………………………....……60
Table 4.13 – Distribution of Total Family Income………………………………………… 61
Table 4.14 – Parental Educational Attainment…………………………………………….. 62
Table 4.15 – Government Assistance Receipt while Pregnant with Child………………… 63
Table 4.16 – Weight Status Definitions by Body Mass Index Range……………………... 64
Table 4.17 – Mother’s Weight Status……………………………………………………… 64
Table 4.18 – Father’s Weight Status……………………………………………….………. 64
Table 4.19 – Child’s Physical Activity………………………………………………..…… 66
Table 4.20 – Sleep Recommendations by Age Group…………………………….……….. 67
Table 4.21 – Child’s Sleep Status………………………………………………….….…… 67
Table 4.22 – Linear Regression 2002 Analysis – Child Dietary Diversity Index….……… 69
Table 4.23 – Linear Regression Results - Child’s Dietary Diversity & Parental Education. 73
Table 4.24 – Logistic Regression Analysis – Child Obese in 2007….……………….…….77
Table 4.25 – Dietary Diversity Odds-Ratio Estimates by Sample Quartile……………..… 78
Table 4.26 – Logistic Regression Results – Child Obesity 2007 and Child Age………..… 79
Table 4.27 – Percent Obese by Race and Sex…………………………………………...…. 81
Chapter 5
Table 5.1 – Descriptive Statistics – Full Sample…………………………….…………….. 91
Table 5.2 – Weight Status Definitions by Body Mass Index Range………………………. 92
Table 5.3 – Weight Status Variables………………………………………………………..93
Table 5.4 – Childhood Health Status………………………………………………………. 98
Table 5.5 – Estimated Health Condition Prevalence by Key Variables……………........... 103
x

Table 5.6 – Competing-Risk Cox Proportional Hazards for Health Condition Onset……...109
Table 5.7 – Chronic Obesity Measure Comparisons – Health Conditions………………… 111
Table 5.8 – Hazard Ratios for Age over Time………………………………………...…… 112
Table 5.9 – Estimated Prevalence for Mortality…………………………………………… 120
Table 5.10 – Cox Proportional Hazard Model Estimates for Mortality…………………… 121
Table 5.11 – Chronic Obesity Measure Comparisons – Mortality……………………….... 122

xi

List of Charts
Chapter 4
Chart 4.1 – Child’s Dietary Diversity (Sum of Days per Week for All Food Groups)......... 51
Chart 4.2 – Dietary Diversity Score by Food Group (mean)…………….…………........… 52
Chart 4.3 – Total Family Income……………………………………………….………….. 61
Chart 4.4 – Logged Total Family Income………………………………………....….....…. 61
Chart 4.5 – Reported Physical Activity (Times during the Week)………………………… 65
Chart 4.6 – Average Hours of Sleep per Night (Reported)……………….…………....…...67
Chapter 5
Chart 5.1 – Completed Years of Education……………………………………………….. 97
Chart 5.2 – Nelson-Aalen Estimates Asthma and Chronic Obesity………………..……… 104
Chart 5.3 – Nelson-Aalen Estimates Diabetes and Chronic Obesity……………………… 104
Chart 5.4 – Nelson-Aalen Estimates Stroke/Heart Attack & Chronic Obesity…………… 105
Chart 5.5 – Nelson-Aalen Estimates Hypertension and Chronic Obesity………………… 105
Chart 5.6 – Number of Adults (in millions) with Diagnosed Diabetes 1986-2013…..…… 113
Chart 5.7 – Age-Adjusted Rate of Diabetes in the United States by Sex (per 100)…..…… 114

xii

Chapter 1 - Introduction
Between 1990 and 2010, the number of estimated deaths attributable to high Body Mass
Index (BMI) increased 1.7-fold, from 1,963,549 to 3,371,232 and BMI was among the top five
risk factors for global burden of disease (Lim, et al., 2012). More than one-third (78.6 million) of
adults and approximately 17 percent (12.7 million) of children and adolescents aged two to 19
years of age are obese in the United States as of the 2014 national report (Ogden C. L., Carroll,
Kit, & Flegal, 2014). The age-adjusted prevalence of obesity has increased by approximately 30
percent in the United States from 1980 to 1994 and has been rising steadily since (Willett, Dietz,
& Colditz, 1999). Obesity-related conditions include heart disease, stroke, type 2 diabetes and
certain types of cancer, and are some of the leading causes of preventable death (Flegel,
Graubard, Williamson, & Gail, Excess Deaths Associated with Underweight, Overweight, and
Obesity, 2005). The estimated annual medical cost of obesity in the United States was $147
billion in 2008 and the medical costs for adults who are obese were $1,429 higher on average
than those of normal weight (Finkelstein, Trogdon, Cohen, & Dietz, 2009).

Obesity rates have been rising for children, adolescents, and adults across all
socioeconomic strata and age groups, but there are noted differences by age, sex, race, and
ethnicity (Ogden C. , et al., 2006; Koplan, Liverman, & Kraak, 2005). For adults, non-Hispanic
blacks have the highest age-adjusted rates of obesity (47.8%), followed by Hispanics (42.5%),
non-Hispanic whites (32.6%), and non-Hispanic Asians (10.8%), while the prevalence among
children and adolescents was higher among Hispanics (22.4%) and non-Hispanic blacks (20.2%)
than among non-Hispanic whites (14.1%) (Ogden C. L., Carroll, Kit, & Flegal, 2014). Obesity is
higher among middle age adults, 40-59 years old (39.5%), than among younger adults, age 20-39
1

(30.3%) or adults age 60 or above (35.4%), and is also higher for females than males (Ogden C.
L., Carroll, Kit, & Flegal, 2014).

Many studies have researched obesity as a threat to the long-standing mortality declines
in the United States. Though many have confirmed obesity’s association with health conditions
such as cardiovascular disease, stroke, type 2 diabetes, and mortality risk from causes including
heart disease and colon cancer (Flegal, Graubard, Williamson, & Gail, 2007; Faeh, Braun,
Tarnutzer, & Bopp, 2011), others have found mixed results (Mehta, et al., 2014). At younger
ages, being obese as a child greatly increases the chances of being obese as an adult, and also has
direct negative health outcomes during childhood and young adulthood including early onset
type 2 diabetes (Barlow & Dietz, 1998; Dietz & Robinson, 2005).

The potential causes for childhood obesity are varied and oftentimes interconnected. The
social landscape in the United States has changed dramatically in the past 30 years, coinciding
with the rise in obesity. Over this time period there have been more families where both parents
work outside of the home, a higher incidence of sedentary occupations, more food eaten or
prepared outside of the home, as well as computers and video games becoming a main source of
entertainment which lacks physical activity (Koplan, Liverman, & Kraak, 2005). Whether it
works through biological or social channels, or both, obesity also runs in families, where parental
obesity more than doubles the risk of adult obesity in their children (Whitaker, Wright, Pepe,
Seidel, & Dietz, 1997). This intergenerational component is a key factor, since childhood obesity
is not a stand-alone epidemic. Obesity in young adulthood has been associated with increased
morbidity, manifested as type 2 diabetes and high blood pressure in childhood and early
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adulthood, as well an increased risk of early mortality (Liu, Ruth, Flack, & al, 1996; Folson,
Jacobs, Wagenknecht, & al, 1996; Hoffmans, Kromhout, & Coulander, 1988).

For middle-aged adults, research has shown obesity to be associated with deaths and
adverse health conditions for decades (Mehta, et al., 2014; Allison, Fontaine, Manson, Stevens,
& VanItallie, 1999). Individuals are still living longer, with life expectancies increasing, but due
to an increased incidence of adverse health problems such as type 2 diabetes, stroke, heart attack,
hypertension, and some cancers occurring at earlier ages, they are not necessarily living those
added years in good health (Willett, Dietz, & Colditz, 1999; Barlow & Dietz, 1998). It has also
been shown that the associations are more difficult to decipher at older ages, particularly above
age 65, as reverse causality triggered by illness or muscle loss may be the reason an individual is
no longer obese (Cao, 2015; Berrington-deGonzalez, et al., 2010). It is paramount for
longitudinal measures of obesity to be captured in order to examine the dynamics of an
individual’s weight trajectory and the overall impact it has on their life course.

Many of these studies, however, leave much to be desired. To research this type of
question for a country like the United States, there are many factors to consider. The United
States has a diverse population of different races, educational backgrounds, income levels,
family structures, and health behaviors to name a few. Previous studies, which are discussed in
depth in Chapters four and five, often use cross-sectional measures of obesity or weight status,
and other clinical studies that do have follow-up visits often do so over the span of years, making
the timeline different for each individual (Mikkelsen, Heitmann, Keiding, & Sorensen, 1999;
Manson, Stampfer, Hennekens, & Willett, 1987; Adams, et al., 2006). Other studies have nonrepresentative samples, where only men or women are studied, specific races sampled, or
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individuals from only one occupation followed (Singh & Lindsted, 1998; Claessen, Brenner,
Drath, & Arndt, 2012; Berrington-deGonzalez, et al., 2010).
The types of questions asked and information obtained is also very diverse. In most
clinical and epidemiological studies, there is a focus on biological measures with a lack of social
or economic information, and many social science surveys are missing the detailed information
on the biological measures including the onset of health conditions (Allison, Fontaine, Manson,
Stevens, & VanItallie, 1999; Lantz, Golberstein, House, & Morenoff, 2010). The data used in
this dissertation come from the Panel Study of Income Dynamics (PSID), its Child Development
Supplement (CDS), and its Transition into Adulthood Supplement (TAS). This unique collection
of prospective studies collects information well beyond income, and bridges the gap between
surveys of health, socioeconomic status, social behavior, and demographics.
The main PSID is the world’s longest running nationally representative household panel
survey. It was collected annually between 1968 and 1997, and has been collected biennially since
1997. Information about each family member is collected, but much greater detail is obtained
about the head and, if married or cohabitating, about the spouse or long-term cohabiting partner.
Information includes but is not limited to income, wealth, expenditures, health, education,
marriage, and childbearing. Beginning in 1997, the CDS provides researchers with extensive
data on children and their extended families with which to study the dynamic process of early
human and social capital formation (PSID Main Interview User Manual: Release 2013, July
2013). When children in the CDS cohort become 18 years of age, information is obtained about
their circumstances through a telephone interview completed shortly after the PSID main
interview. This study, called Transition into Adulthood Supplement, began in 2005 and has been
collected biennially thereafter. Information includes measures of time use, psychological
4

functioning, marriage, family, responsibilities, employment and income, education and career
goals, health, and social environment (PSID Main Interview User Manual: Release 2013, July
2013).
This dissertation seeks to better understand obesity over the life course from childhood
through adolescence, young adulthood, and adulthood. Chapter 2 sets the framework for this
research within life course theory, cumulative advantage, and cultural health capital (Clausen,
1986; O'Rand, 1996; Shim, 2010). Chapter 3 discusses the data and methods, detailing the PSID,
CDS, and TAS as well as the specific samples that were created, variables that were constructed,
and methodologies that were applied in the empirical work that follows.
Chapter 4 examines the associations between parental nutritional knowledge and child
dietary diversity in connection to the outcome of becoming obese as children and young adults.
Preventing obesity has been highlighted as a much more successful path than reversing obesity in
children or adults, so looking at health literacy as manifested by parental diet disease knowledge
and its associations with child outcomes will give insight into these paths of inquiry (Willett,
Dietz, & Colditz, 1999). Preventing childhood obesity is a complicated concept that necessitates
very specific information to be available in order to properly investigate it. Not only will
temporal order be present to observe how parental diet disease knowledge in 1999 is associated
with child dietary diversity in 2002, and in turn how child dietary diversity is associated with
adolescent and young adult obesity in 2007, but the sample will be representative of the United
States population of individuals in their age groups. In addition, demographic information is
controlled for in parents and children, as well as BMI for both parents and children, along with
behavioral measures including sleep and physical activity, all of which were collected from a
single prospective study.
5

Chapter 5 studies the differences between different longitudinal measures of obesity and
their associations with specific health conditions and all-cause mortality. Adults between the
ages of 18 and 52 in 1986 are followed through 2013, covering up to 27 years of their lives.
Information on demographics, socioeconomic status, health behaviors, physical measures, and
educational attainment are considered in connection to whether an individual dies during the
follow-up period or is diagnosed with one of the following health conditions – ‘Asthma’,
‘Diabetes’, ‘Stroke/Heart Attack’, or ‘Hypertension.’ Though other studies have found links
between obesity and all-cause mortality, diabetes, heart attack, asthma, and hypertension, most
of them only include a cross-sectional measure of obesity, and those with a longitudinal measure
most often lack the appropriate information to control for economic, demographic, and
behavioral factors (Cao, 2015; Claessen, Brenner, Drath, & Arndt, 2012; Myrskylä & Chang,
2009). By looking at chronic obesity, defined as being obese both in 1986 and 1999, as
compared to not being obese in either 1986 or 1999, being obese in 1986 but not 1999, or not
being obese in 1986 but being obese in 1999, comparisons can be made to see what the
differences are between the measures. By using the PSID, the research includes correct temporal
order, prospectively collected information, a nationally representative sample of American
adults, and a long follow up period during which questions are asked every two years.

6

Chapter 2 - Theoretical Framework
The life course perspective, or life course theory, provides the groundwork for this
research. There are several fundamental principles that work together in framing this theoretical
perspective. Each principle plays a part in the subsequent empirical analyses of obesity through
childhood, adolescence, and adulthood. As Erik Erikson discusses in his conceptualization of the
“eight ages of man”, an individual goes through several stages in their lifetime based not only on
age, but on developmental stages and internal conflicts during these time periods (Erikson,
1985). Five of these eight developmental stages, displayed in Table 2.1 below, take an individual
from childhood to adolescence, early adulthood, and adulthood. This will be used as the
benchmark for the developmental stages an individual traverses during the life course, while
many other approaches will be highlighted to inform the research questions, data, and methods to
come. These theories from sociology, psychology, demography, and biology will be connected in
order to inform this interdisciplinary work on obesity and contextualize this dissertation within a
broader sociological framework.

Table 2.1 - Erikson’s Eight Ages of Man (Erikson, 1985)
Ages

Stage in Life Course Significant Relationships

Major Conflict

(0-1)
(2-3)

Infant
Toddler

Mother
Parents

Trust vs Mistrust
Autonomy vs Shame & Doubt

(3-6)

Preschooler

Family

Initiative vs Guilt

(7-12)

School-age child

Neighborhood and school

Industry vs Inferiority

(12-18)

Adolescent

Peer groups and role models

Identity vs Role-Confusion

(20-45)
(30-65)
(65+)

Young adult
Middle aged adult
Old adult

Partners and friends
Household and co-workers
Mankind

Intimacy vs Isolation
Generativity vs Stagnation
Integrity vs Despair

7

Childhood
Though the study of an individual’s life course can begin before they are even born, this
dissertation focuses on childhood through adulthood. Childhood, which is here defined as
roughly between the ages of seven and 12, consists of a time when parental and family teachings
are still the center of learning, but cease to be the only influence in a child’s life. Erikson
describes this period as a period of Industry vs. Inferiority, where a child begins to have a sense
of self outside of the home and is able to do things on their own for the first time (Erikson, 1985,
p. 259). This sense of self also develops because of a comparison with others, which makes a
child aware of the differences between themselves and their peers, as well as between their
parents and other adults. These differences include but are not limited to: personal appearance,
socioeconomic status, behavior, intelligence, and ability (Erikson, 1985). Though some of these
differences are observable and others more abstract, a child’s individual identity begins to
emerge during these formative years.
Beginning with biological factors and the connection between generations, here
specifically between parents and children, the causal relationship goes in the direction from the
parent(s) to the child(ren). Biological children inherit half of the genes from their mother and
half from their father, and thus have a 50 percent chance of acquiring either of their genes. If
both parents have similar traits, or are similarly predisposed to certain body types for example,
the likelihood of the child exhibiting these traits increases. This goes beyond hair and eye color,
and affects height, weight, and predisposition for disease. On the molecular level, some of these
maladaptive traits may be inherited through the DNA of the parents into the DNA of a fetus
before birth (genotype), but may not come to fruition unless the proper environmental factors are
in place to trigger the manifestation of the phenotype (Johannsen, 1911).
8

These environmental factors, or structural placement, are exactly the types of variables
that can be controlled for when looking at these types of questions. Using survey data, it is not
possible to look at the genome of each parent and child, nor would that explain the exact
probability the child has for becoming obese in the future. There are, however, biological factors
such as height and weight that can give information about the parents’ own phenotypes which in
turn can give insight into their children’s weight status. There is a direct biological link between
the body structure, appearance, weight distribution, and many other physical characteristics
between a child and their biological parents. Along those same lines, there are many factors that
a parent’s social situation contributes to a child’s weight status, which is quite outside the realm
of their personal biological make-up.
The social environment in which children learn and begin to make decisions for
themselves is based on the network of people around them. For younger children, these
connections begin with the nuclear family unit, which spreads to extended family and close
friends, and continues on to social relationships in school with peers, teachers, and other
families. Focusing on the idea of linked lives or kinship ties developed by Glen Elder, social
bonds are highlighted as a key to life course dynamics (Elder, 1974). Familial bonds in particular
are some of the most often discussed ties, because they begin at birth, or even before. The
presence, as well as the absence, of these relationships throughout the life course holds major
consequences for future outcomes (Elder, 1985). Parents not only have very strong effects on
their children, but child rearing also affects the way in which parents live their lives. These
relationships are not one directional, but rather set up a web of bonds, each of which has unique
structures, strengths, and challenges. These links include many aspects of interest including the
transmission of health behaviors, resources, knowledge, and norms. Elder specifically looks to
9

the PSID as an important resource from which to research questions regarding intergenerational
family issues surrounding parent-child relationships, kinship networks, and the way previous
parental experiences affect child outcomes (Elder, 1985).
Continuing from the idea of kinship ties, the concept of how the past shapes the future
follows. This is one of the hallmark principles of life course theory, because it inextricably links
the past to the present and future (O'Rand, 1996). There are many decisions and conditions that
affect later in life outcomes, each of which can do so in direct, indirect, and interconnected ways.
O’Rand discusses these types of connections as cumulative advantage or disadvantage,
showcasing the additive effects of resources and opportunities, but also constraints over an
individual’s life (O'Rand, 1996). These effects are also passed on through generations from
parent to child, which is something that is directly considered when looking at the social
reproduction of education, health literacy, and behaviors that are passed down from one
generation to the next but are not inherited genetically (Bourdieu, 1973). These structures are
shaped by parents and are cemented by the children themselves as they transition into adulthood
and have more authority over their own decisions as they become more autonomous. This is also
true for adults going through the aging process from young adulthood to older adulthood, since
they themselves are products of their early life environments, circumstances, and personal
choices (Sørensen, Weinert, & Sherrod, 1986).
Looking more deeply into these concepts as they apply to nutritional knowledge being
passed down from parent to child and how that may ultimately shape a child’s diet and weight
status will further reinforce these theories into the foundation of this research. The earlier stages
of childhood nutrition are more strongly guided and controlled by parents and caregivers simply
because a young child of six of seven does not have the ability to purchase their own groceries or
10

make their own meals. They may choose what not to eat, state their opinions on what they prefer,
and ultimately have a voice in their consumption, but many of their food decisions are made for
them. This is an important point, because not only does this impact what the children are learning
from caregivers who instill positive nutritional habits, but also those who set an example of poor
nutritional habits. Each meal eaten by a caregiver, given to a child, or prepared for someone else,
is a lesson that is being learned by the child as to what is acceptable to be consumed. This also
sets up taste preferences for the future. As Erikson explains it, children are “learning to be
literate from those who know how to teach”, and this type of literacy is vitally important during
this stage of development (Erikson, 1985, pp. 259-260).
Though this version of literacy may not be exactly what Erikson had in mind, health
literacy has become an increasingly important factor in the understanding of public health and
medical sociology when considering the factors that play into an individual’s ability to
understand and apply information about health. As Kristine Sørensen explains,
“Health literate means placing one’s own health and that of one’s family and community
into context, understanding which factors are influencing it, and knowing how to address
them. An individual with an adequate level of health literacy has the ability to take
responsibility for one’s own health as well as one’s family health and community health”
(Sørensen, et al., 2012).
Health literacy is not static, but rather a dynamic process that evolves over an individual’s
lifetime. It begins in childhood by obtaining information from adults who are most often their
parents, solidifying their knowledge in adolescence and young adulthood by further
understanding what has been passed down to them as well as absorbing broader concepts they
learn outside their homes within their larger community including in school, from peers, the
media, and from public health outlets, and then finally in adulthood becoming the purveyors of
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health knowledge to their own children or more broadly the next generation of their communities
(Nutbeam, 2008).
The concept of health literacy has moved beyond an individual’s ability to know what
risk factors they are exposed to and the impending threat of illness and disease, and has become
an increasingly interactive model where public health efforts are being made in order to actively
increase an individual’s level of health literacy as a means of empowering those who may have
lower financial or educational resources (Porr, Drummond, & Richter, 2006). This is especially
true when looking at parent-child relationships and health. Primary caregivers, often mothers,
may have the ability to obtain a high health literacy level, meaning that they would be able to
function well in a medical setting and have a general understanding of risk factors and the health
system, but they may have external constraints that don’t allow for these opportunities. Caroline
Porr explains how “supportive environments generated by neighborhood social capital
ameliorate the adverse effects of long-term poverty on child outcomes,” by implementing the
ideas behind interactive and critical health literacy (Porr, Drummond, & Richter, 2006, p. 333).
Interactive health literacy works to raise maternal self-efficacy beliefs, while critical health
literacy goes further to implement an empowerment education model, which together can allow
mothers, in this example, to move beyond their financial constraints to advocate for their
children’s health and wellness despite their lack of resources (Porr, Drummond, & Richter,
2006).
Socioeconomic status is an important factor in most structures surrounding early
childhood life course research, because it not only represents the opportunities afforded to the
child or children in the family, but it also gives insight into the longer standing situation of the
parents, and perhaps even further back to generations past. This type of social reproduction often
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manifests itself through social norms of the level of society to which one’s family belongs. If, for
example, an upper-middle class family of college educated professionals has children, those
children are more likely to be expected to go to college as well. This is not necessarily because
they are that much smarter or more competent than someone in a family who is less well-off
financially, but their norms dictate that they will work towards that goal and also will be more
likely to be afforded the opportunity for financial assistance, emotional support, and
encouragement from others who have already gone through the process. For the child from the
less well-off family without college educated members, they may very well have the same
intellectual capacity, but their ability to navigate the college admissions system, access to
resources or external funding, and support from family may be very different.
While thinking of obesity as the outcome of interest, biological, social, and adaptive
features all play a role. In addition to these factors, the parents themselves are looked to as
sources of knowledge that will be passed on in terms of social reproduction as well as in terms of
the agency of the child if they are able to go against the structure in which they have been
brought up in and adapt into something different entirely. Janet Shim explains the concepts of
Pierre Bordieu’s cultural capital in terms of health from the patient’s perspective. Shim further
specifies Bordieu’s concept, which uses the idea of non-financial assets such as education,
communication style, and physical appearance as ways in which to promote their own social
mobility in his concept of cultural capital, to include non-financial assets that specifically
promote mobility in the realm of healthcare (Bourdieu, 1973; Shim, 2010).
From the vantage point of a parent transmitting knowledge of diet-disease knowledge to
their child by way of nutrition and diet, the reproduction of health capital is being passed down
from one generation to the next. As children age and become adolescents, however, the cultural
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health capital they obtained from their parents will transform into their own dietary values.
Through a child’s own volition, they will adapt and change their parents’ teachings along with
the knowledge they have received from other places such as school, friends, television, and
generally the public world around them (Bourdieu, 1990). This stage of life is defined by Erikson
as Identity vs. Role Confusion where a child moves into adolescence and attempts to establish an
identity for themselves based on their peers and environment around them (Erikson, 1985). Their
identity is not solidified during this period, but rather more fluid based on the trials and errors the
individual experiences during adolescence. Ultimately, however, the traits that the individual
exhibits will affect their choices in all facets of life, including appearance, diet, speech, style of
dress, choice of mate, and occupation, among many others.
The last principle of life course theory to be discussed specifically about parents and
children is the idea of heterogeneity. As an individual ages, she accumulates experiences that
increase the differences between her life as compared with others, her parents and siblings
included (Riley M. , 1987). Each situation calls for constant individual adaptations to one’s life
events and surroundings. These differences are paramount, because they form the basis of
sociological inquiry, where human social interactions, functions, and structures are studied. By
accounting for these individuals’ decisions, circumstances, and histories, it is possible to control
for much of this heterogeneity and consider specific traits and their connections with outcome
variables. It is certainly true that heterogeneity continues through adulthood, but many of the
biggest changes happen during childhood and adolescence, when individuals form their initial
opinions based on what they have learned, and then begin to observe their own outcomes based
on the choices they have made. The choices that are made during childhood and adolescence
return throughout adulthood as they shape and reshape a person during their lifetime.
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Adulthood
Continuing on into early adulthood, individuals reach a stage in life where they begin to
solidify their opinions, turn their occasional practices into habits, and more generally begin to
create their identities. Erikson describes that in this stage of Intimacy vs. Isolation, an individual
shows the “capacity to commit himself to concrete affiliations and partnerships and to develop
the ethical strength to abide by such commitments, even though they may call for significant
sacrifices and compromises (Erikson, 1985, p. 263).” This willingness to sacrifice and
compromise is important, because it connects with the idea that when faced with issues that
challenge an individual’s ideals or standards that they consider important parts of their identities,
they will face those challenges instead of changing their identities which were previously more
malleable.
The process of solidifying one’s identity is both consciously and unconsciously
constructed. Though choices can be made as to which books to read, music to listen to, clothes to
wear, or food to eat, many factors are given to individuals including ethnic background, first
language learned, skin color, and general physical appearance. Some of these factors may affect
the way other choices are made and ultimately how an individual’s identity is formed. Bourdieu
discusses the idea of habitus in a similar way, where individuals repeat habits over time until
they become second nature or a part of their identities, while individuals are predisposed towards
other habits due to the social structures that exist in their cultural environment (Bourdieu, 1990).
Portions of an individual’s habitus are created purposefully, based on specific tastes and
preferences, while others tend to be passed down by social structures and norms that existed well
before the individual was born.
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It is necessary to look at these different factors together, because they all play an
important role in an individual’s health outcomes over time. Traits an individual is born with
such as sex, ethnicity, familial predisposition towards health conditions, and body type can
inform many future outcomes. The choices one makes, however, also play a large role. These
include factors like smoking, educational attainment, marital status, and childbearing. These
measurable factors also allow for more complex features to be analyzed including more
encompassing concepts such as health status, socioeconomic status, and chronic obesity. Though
there are certainly many more factors that one could consider, and many personal attributes that
cannot be quantified, considering the factors that can be measured can give insight into the
personal choices, inherited characteristics, and overall associations that an individual’s
accumulated lifetime of choices has with their later in life outcomes. As stated in the
introduction, these factors, among others, will be considered when looking at chronic obesity and
its connections to adverse health conditions and mortality.
Thinking of these individuals in a broader context, however, there are many factors at
work in their lives. Each individual was born into a family who has a unique history, cultural
norms for educational attainment and income expectations, as well as specific factors that apply
to their life alone in the time and place in which they lived or are living. Robert Merton describes
the effects of accumulated advantage where, in the example of adverse health conditions, those
who have a family history with less disease, more money to access healthcare and proper
nutrition, a better education with which to be more health literate would on average have fewer
incidences of these conditions. Merton discusses that those with positive attributes are more
likely to gain more positive attributes and will also pass them along to the next generation, which
would continue the cycle (Merton, 1968). O’Rand, as previously mentioned, explains the
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opposite side of this effect as well, where cumulative disadvantage also replicates itself from one
generation to the next (O'Rand, 1996). These ideas begin to get at the concept that even though
these individuals have their own agency, especially as adults who are able to defend their
commitments to their chosen identities, there are still many factors that can be out of their
control. When focusing on issues of obesity, adverse health conditions, and mortality, the
complex milieu of ‘self’ needs to be deconstructed in order to be studied and better understood.
During adulthood, an individual’s spouse or partner may play a role in caring for them,
but the actions of taking care of oneself become more independent. This means that the health
concepts and lessons learned as children and adolescents now have real effects on health
outcomes. Their level of cultural health capital can make a difference as to whether or not they
understand the risk that certain health behaviors are exposing them to, if they know how to
navigate the health system in order to access the resources that are available to them, as well as
being able to communicate with medical health providers in a way that facilitates better care
(Shim, 2010; Baker, 2006). Individuals who are unable, or less able, to do these things may find
themselves at a higher risk for adverse health conditions or earlier age at death. Though this will
be discussed in the upcoming chapters, it is important to note that the theories behind cultural
health capital and its significance over the life course reaches far beyond an individual’s life
course.
The final component that Shim discusses brings the application to the next generation,
where the adults who have promoted their own health as individuals then teach their children to
be literate based on their own successes and mistakes (Shim, 2010). This also fits in with
Erikson’s seventh age of man, wherein Generativity vs. Stagnation drives an individual to live
with the primary “concern in establishing and guiding the next generation (Erikson, 1985, p.
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267).” This cycle of reproduction can lead to the advancement of healthy behaviors, where
children of those with healthy lifestyles follow their parents’ examples, as well as the
continuation of poor health habits, where parents either do not teach their children about health,
or teach them poor health habits by partaking in risky behaviors themselves. The concepts of
cumulative advantage, cumulative disadvantage, social reproduction, and cultural health capital
all tie in to strengthen the theoretical foundation of this life course research.
Overarching Theories
The next principle is the concept of the timing of lives. This goes beyond age and
encompasses individual, generational, and historical time. When working with a sample of the
United States population since the 1980’s, there are several concepts of time being considered.
For individual time, life course theory looks into how individuals age and takes transitions and
trajectories into account (Elder, 1985). These can be life events or stages of growth that affect
later in life outcomes. In the analyses that follow, childhood, the transition into adulthood, the
middle years (or adult years), and death are all considered as different portions of individual
time. Clausen discusses the middle years, or adult years, as a time of transition when the
incidence of disease rises, roles in family formation change, and life satisfaction takes on new
meaning (Clausen, 1986). This time is especially interesting in terms of health, since many
accumulated risk factors and healthy behaviors begin to have a greater impact on health
outcomes. These concepts are all rooted in their subsequent generational time frames, the most
pronounced of which are individuals from the baby boom generation who are currently reaching
retirement age. Riley, in reference to aging and the social structure in life course dynamics,
discusses how as people age and change socially, as well as biologically and psychologically,
they also move diagonally up through the age strata and across historical time (Riley, 1987). The
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timing of individual, generational, and historical events is a theme that will be a connecting
thread throughout this dissertation.
Continuing with human agency, life course theory makes a point to focus on the fact that
individuals are active agents who make decisions and move forward within the constraints and
opportunities that are encompassed in their time and place environments (Clausen, 1991). This is
an important factor, because it allows for the study of individuals to be considered in the context
of their circumstances, recognizing that though certain social norms may exist, the individual
decision making process is still at work (Elder, 1974). The element of personal control both of
and within one’s conditions is key when looking into outcomes of personal health, nutrition, and
risk behaviors. Each of these issues can be seen from the vantage point of an individual who is
evolving through the life course with their own unique set of personal, economic, social, and
societal circumstances.
Finally, with the concept of socio-historical location, life course theory sets out to place
events or outcomes within the unique specifications of time and space (Clausen, 1986). This is
explained as the way “[a]n individual's own developmental path is embedded in and transformed
by conditions and events occurring during the historical period and geographical location in
which the person lives (Mitchell, 2003).” In this dissertation, a nationally representative sample
of those living in the United States will be considered over the entirety, or portions, of the last 25
years. During this time period obesity rates have doubled and this dramatic change is a result of
many contextual circumstances including changes in the food supply and an increased likelihood
of sedentary lifestyles. Though these are just a couple of examples, each plays a large role when
considering the socio-historical landscape from which these analyses begin.
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Life course theory forms the foundation for this dissertation’s empirical analyses in the
sociological context. They also strongly inform the types of data and methods that are not only
useful, but imperative, for considering these research questions. Together with this
multidisciplinary approach, various aspects of the project, from the questions being asked to the
methods which are utilized to better answer the questions, several lines of inquiry will be put into
practice simultaneously. The issues of obesity over the life course necessitate this type of work,
because the questions they ask are varied. They do not fit easily into one discipline, one set of
methods, or one theory. Even the data need to be uniquely set up to look into questions from the
life course perspective, because they provide information on individuals and families over their
lifetimes and throughout time. However, by using a combination of sociological foundations,
demographic methods, prospectively collected panel data, and biological variables, there is much
to be discovered (McGonagle K. , Schoeni, Sastry, & Freedman, 2012).
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Chapter 3 - Data and Methods
Data
In order to look into the complex relationships of health, economics, and social behavior
over time it is necessary to utilize data and methods that allow for such an endeavor to be
undertaken. The Panel Study of Income Dynamics and its supplements, the Childhood
Development Supplement and the Transition into Adulthood Supplement, collect prospective
information on families over time. The genealogic design and length of panel allow for life
course research to be studied in a way that is not only temporally accurate, but representative of
the United States population when sample weights are employed (McGonagle K. , Schoeni,
Sastry, & Freedman, 2012). The study, along with the samples and methods used in the
subsequent empirical analyses, are discussed in the following sections.
Survey History and Background
The Panel Study of Income Dynamics (PSID) is the world’s longest-running household
panel survey and was originally created in the United States to assess President Lyndon
Johnson’s ‘War on Poverty’. In 1966 and 1967, the Office of Economic Opportunity (OEO)
directed the U.S. Bureau of the Census to design and field the Survey of Economic Opportunity
(SEO) to provide data for a national assessment of War on Poverty programs. A representative
national sample of approximately 22,000 households and an oversample, in census enumeration
districts with large non-white populations, of approximately 15,000 households were drawn by
the Census Bureau and interviews were completed with 30,000 of these households. Interest in
continuing the study, with the primary goal of understanding the dynamics of economic well-
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being led the OEO to approach the Survey Research Center (SRC) at the University of Michigan
about continuing to interview a sub-sample of low-income SEO households. Professor James N.
Morgan, who eventually became the study’s first director at Michigan, argued successfully for
adding a cross section of households from the SRC national sampling frame so that the study
would also include non-poor households and hence represent the entire population of the United
States. In addition, a fortuitous decision was made to follow family members who moved out of
study households, such as children who came of age during the study. This allowed the sample to
remain representative of the nation’s families and individuals over time (Hill, 1992).
Starting in the late 1990s, several developments increased the potential of the PSID
archive for studying life course development. Most notably, content was expanded in the areas of
health, wealth, expenditures, philanthropy, child development, the transition to adulthood, and
time use. The primary source of information on PSID sample members has been a survey
conducted annually through 1997 and biennially thereafter. This survey, called the "main
interview," is described here and will be used in both empirical chapters (Chapter 4 and Chapter
5).
The original aim of studying the dynamics of income and poverty led the 1968 sample to
be formed from an oversample of 1,872 low income families from the SEO and a nationally
representative sample of 2,930 households designed by the SRC. Approximately 18,000
individuals lived in these original families at that time, and are considered to have the "PSID
gene" making them eligible to be followed for subsequent interviews. In addition, all individuals
born to or adopted by an individual with the PSID gene acquire the gene themselves, becoming
PSID "sample persons" who are followed in the study. As members of sample families grow up,
move out, and form their own economically independent households, they are interviewed
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separately; increasing the overall number of interviews conducted each wave. This unique design
of following children of sample members as they become adults, replenishes the sample and
helps to maintain its national representation, as well as facilitating the study of outcomes across
generations (McGonagle K. , Schoeni, Sastry, & Freedman, 2012).
Beginning in 1997, the Child Development Supplement (CDS) collected information on
up to two randomly selected zero to 12 year old children (N=3,563) and their caregivers in PSID
families. The scientific aim was to provide researchers with a comprehensive, nationally
representative (with child-based weights), prospective database of young children and their
families, for studying the dynamic process of child development. The same children and their
caregivers were re-interviewed in 2002/2003 and again in 2007/2008 with a child-based response
rate exceeding 90% in the most recent wave. Topics included health, skills assessments,
parenting styles, time use, and socio-emotional characteristics of children and their parents.
In 2005, in recognition that the ages from 18 to 24 are critical for life span development,
the PSID began a new study designed to follow the children from CDS who had turned age 18
and had completed or left high school and had families still active in PSID, called the Transition
into Adulthood Supplement (TAS). The primary scientific aim of TAS is to understand the
causes and consequences of social, economic, and health transitions of young adults. Information
is collected about educational pursuits, employment, occupational choices, education and career
expectations, family responsibilities, skills and abilities, intimate relationships, and more. Along
with data collected during the CDS, detailed information is available about development from
early and middle childhood through adolescence and into adulthood; additional information has
been and will continue to be collected on this cohort over its life course as these youth transition
to economic independence and become PSID ‘Heads’ and ‘Wives.’ TAS data have been
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collected biennially for 2005-2015 at which time all children from CDS had been observed at
least once in the study. The response rate for TAS was 92 percent in the most recent wave. The
CDS-TAS-PSID archive is unique in the scientific research opportunities it presents for intergenerational and life course analysis (McGonagle K. , Schoeni, Sastry, & Freedman, 2012).
PSID and Life Course Research
The extended time series and consistently high response rates of the PSID provide
substantial analytic power to study antecedents and consequences of a range of social, health,
and economic factors. For older sample members in particular, the history available is
extraordinarily rich. Since individuals are followed over the entire life course, the number of
waves that an individual appears in the sample is related to their age. However, individuals who
were born into PSID families also have substantial information on their childhood circumstances
from their parents’ and grandparents’ reports. This combination of information on childhood
circumstances and later adult behavior and outcomes represents a major analytical strength that
supports a variety of different analyses. Moreover, the analytical samples are large. For instance,
approximately 3,000 individuals in the original cohort under age 18 in 1968 were ages 50 or
older by 2007 and are therefore represented in the data for a full 40 years of their lives (PSID
Main Interview User Manual: Release 2013, July 2013).
For children in the CDS and TAS, a wealth of information exists on their behavior,
health, and development as they passed through early, middle, and late childhood and into
adolescence and young adulthood, and, increasingly, as members of the main PSID. The
resulting data can be used to better understand how early circumstances, such as childhood
socioeconomic status, health, neighborhood and school characteristics, and educational choices,
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shape health and well-being over the life course (McGonagle K. , Schoeni, Sastry, & Freedman,
2012).
The following of sample members who are descendants of the original 1968 sample
yields inter- and intra-generational samples, which are powerful additions to the study of life
course development. The inter-generational sample is comprised of adult children who split off
from their sample parents to form their own households and who are recruited into the study.
Relative-pairs that can be examined in the PSID include dyads formed from parents and children,
from siblings and cousins, and from grandparents and grandchildren (McGonagle K. , Schoeni,
Sastry, & Freedman, 2012).
Response Rates, Attrition, and Validity
The PSID has consistently achieved response rates equal to or higher than other panel
surveys worldwide (Schoeni, Stafford, McGonagle, & Andreski, forthcoming). Response rates
are calculated for each of the "sample types" within PSID, whether in the previous wave, the
sample type is "re-interview" versus "split-off" versus "re-contact." The “re-interview sample”
includes families who were successfully interviewed in the previous wave. “Splitoff” families
consist of individuals who left a PSID family unit and established their own economically
independent unit. Finally, the “re-contact” sample consists of families who did not respond in the
previous wave, but were respondents in the wave before the previous wave. The PSID attempts
to recontact and interview these families in subsequent waves, as a way to minimize attrition and
maintain the representativeness of the sample (McGonagle K. , Schoeni, Sastry, & Freedman,
2012).
The core re-interview sample accounts for roughly 85 percent of the entire sample in
recent waves and has a wave-to-wave response rate in almost all waves of 95 to 98 percent. The
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core split-off sample experiences response rates typically in the mid-80 percent range. The core
re-contact sample has response rates in the 50 percent range in recent waves, and the core
recontact split-off sample is small with variable response rates (e.g., 71% in 2007, 54% in 2009)
(McGonagle K. , Schoeni, Sastry, & Freedman, 2012).
Despite consistently high response rates, there is evidence that lower income families
have higher cumulative attrition (Fitzgerald, Gottschalk, & Moffitt, 1998). However, parameter
estimates of interest have not been found to be biased. In a recent analysis of the effects of
cumulative attrition in PSID up to 2007, little-to-no evidence of biased estimates of sibling
correlations, or of parameters, in inter-generational models of health outcomes were found
(Fitzgerald, 2011). The close alignment of weighted estimates from PSID with those from other
U.S. benchmark studies – the March Current Population Survey for income (Gouskova,
Andreski, & Schoeni, 2010), the National Health Interview Survey for health status and health
behaviors (Insolera & Freedman, 2015; Andreski, McGonagle, & Schoeni, 2009), the Consumer
Expenditures Survey for expenditures (Li, Schoeni, Danziger, & Charles, 2010), and the
American Time Use Survey for time use behaviors (Cornman, Freedman, & Stafford, 2011)
support the claim that PSID remains representative of the U.S. population.
In other words, cumulative effects of modest wave-to-wave attrition do not appear to
have biased the PSID’s cross-sectional representation of key economic or health factors. Item
non-response is also low, with very few questions missing responses for more than three to four
percent of cases (Killewald, Andreski, & Schoeni, 2011). Sample weights are provided for each
wave to account for differential probabilities of selection due to the original sample design and
subsequent attrition, including longitudinal individual weights, longitudinal family weights, and
cross-sectional individual weights (McGonagle K. , Schoeni, Sastry, & Freedman, 2012).
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In recent years the PSID has expanded the set of health related questions. In 2007, nearly
18 minutes of the 80-minute questionnaire was devoted to health status, health conditions, health
behaviors, health insurance, and health care expenditures. A series of retrospective questions was
added to the 2007 PSID asking for information about the occurrence of childhood health
conditions and start and end ages of these conditions. The ages that the conditions started and
ended were obtained through the use of an event history calendar. The quality of these data have
been recently assessed and they align well with other studies including the National Health
Interview Survey (NHIS) as well as the Health and Retirement Study (HRS) both in crosssectional analyses and over time when looking at items including health conditions, height,
weight, disability measures, smoking, and self-reported health (Smith, 2009; Andreski,
McGonagle, & Schoeni, 2009; Insolera & Freedman, 2015).
These additions have uniquely positioned the PSID to enhance the understanding of the
life course effects of early-life circumstances on health, economic well-being, and mortality in
later life. The PSID is poised to become the only data ever collected on life course and
multigenerational health in a long-term panel representative of the full U.S. population
(Andreski, McGonagle, & Schoeni, 2009; Insolera & Freedman, 2015).
Methods
Measuring Obesity
The concept of obesity in children and adults has been controversial in terms of its
definition as well as how it should be measured (Tanamas, et al., 2016; Simpson, et al., 2007;
Manson, Stampfer, Hennekens, & Willett, 1987). Body Mass Index, or the Quetelet index, is
used to approximate weight adjusted for height in this research. This index was first constructed
by Adolphe Quetelet in 1869 and has been widely used since the 1970’s when it was revisited by
27

Ancel Keys in the Journal of Chronic Diseases as a weight index indicator of relative obesity
(Keys, Fidanza, Karvonen, Kimura, & Taylor, 1972; Eknoyan, 2007). The PSID collects
information on height and weight, so this measure can be calculated over time.
Alternate measures are also used in obesity research, though they are not collected in the
PSID’s instrument. Waist circumference and the ratio of waist circumference to hip
circumference have both been used as a proxy measure for visceral fat, which has been linked to
chronic disease; however, as is the case with the BMI, neither provides a precise estimate of
visceral fat (Willett, Dietz, & Colditz, 1999; Schreiner, et al., 1996; Seidell JC, et al., 1987).
Another measure, skin-fold thickness, provides additional information about the location of the
fat deposits, but requires trained interviewers to complete the assessment in-person. The
measurements themselves have also been found to vary considerably between observers and in
general and have not been found to provide superior information to weight and height
measurements like BMI (Willett W. , 1998).
Hydrodensitometry, or underwater weighing, as well as dual-energy x-ray absorptiometry
are two methods that are seen as the most precise ways of measuring body composition (Willett,
Dietz, & Colditz, 1999). These methods, however, require a clinical setting and would not be
able to be conducted by a phone survey such as the PSID, or any other large scale survey without
considerable cost and invasive procedures as compared to self-reported height and weight. They
are most often used in clinical research and not social science studies.
It has been shown that not only is BMI a reliable measure for the estimation of obesity,
but that self-reported height and weight have had strong correlations to clinically measured BMI
(Myrskylä & Chang, 2009; Willett W. , 1998). However, some studies have shown that selfreports of height and weight may underestimate BMI (Jeffery, 1996; Ezzati, Martin, Skjold,
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Vander Hoorn, & Murray, 2006). They have shown, however, that both men and women are
most likely to under-report weight and over-report height, which would lead to lower BMI scores
(Black, Taylor, & Coster, 1998). This does not mean that the misreporting is not a problem, but
its bias has been documented quite consistently in one direction. In the analyses that follow, the
categorization for obese used by the Centers for Disease Control (CDC) is used, and knowing
that underreporting may be an issue, it makes it even more likely that the individuals in the obese
group are indeed categorized correctly.
For adults, the formula for calculating BMI is dividing weight in pounds (lbs) by height
in inches (in) squared and multiplying by a conversion factor of 703.
𝐵𝑀𝐼= 𝑊𝑒𝑖𝑔ℎ𝑡 (lb) * 703
Height (in)2
For children, weight status is based on the Centers for Disease Control’s (CDC) BMI-for-age
percentiles, which take into consideration a child’s sex, age, height, and weight (National Center
for Health Statistics, 2000). Children under the age of 19 are considered obese if their BMI-forage is greater than or equal to the 95th percentile (National Center for Health Statistics, 2000).
Empirical Analysis of Child Dietary Diversity and Child Obesity
In Chapter 4, the intergenerational transmission of diet disease knowledge,
socioeconomic status, and child health behaviors are considered in their associations with the
outcomes of child diet in 2002, and in turn their associations with child obesity in 2007. This
chapter utilizes data from parents in 1999 from the PSID main interview and is linked to child
variables in all waves of the CDS. Information used in this analysis includes, but is not limited
to, age, race, sex, BMI, diet, sleep, and exercise.
For this portion of the dissertation, parent-child pairs make up the samples, which are
weighted with the provided sample weights in order to make the sample nationally representative
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of the United States population for their specific age group (Gouskova, 2001; PSID Main
Interview User Manual: Release 2013, July 2013). Each child in the sample has a corresponding
family unit and parent in the PSID sample of whom questions have been asked as part of the
PSID main interview. By linking parent and child variables into one data set, it is possible to
look at how demographic, socioeconomic, health status, and health behaviors are associated with
child diet and child obesity. By utilizing linear and logistic regression methods, it is possible to
look at these factors to see which items are associated with obesity. In order to facilitate this
research, three key indexes are created to capture parental diet disease knowledge, child dietary
diversity, and child obesity for each parent-child pair. These, along with the construction of all
the other variables, are detailed in Chapter 4.
The data for these variables come from different sections of the PSID. Table 3.1
summarizes this information and describes the variables in the analyses in terms of which section
of the interview the data are collected from, which wave of data, as well as the mode of data
collection. The data from the CDS come from two separate interviews, the Primary Caregiver
interview (PCG) and the Child interview (Child). The timing of these variables is important to
the analysis since the regression estimates, though not definitively causal, have the temporal
order necessary to look at the associations without the risk of reverse causality.
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Table 3.1 Variable Source and Collection Description
Variable Name*
Interview Type
Wave of Data Collection Mode
Child Race
CDS - PCG
1997
Telephone
Government Assistance
CDS - PCG
1997
Telephone
Parent Diet Disease Knowledge
Main PSID
1999
Telephone
Parent Marital Status
Main PSID
1999
Telephone
Total Family Income
Main PSID
1999
Telephone
Parental Educational Attainment
Main PSID
1999
Telephone
Number of Children
Main PSID
1999
Telephone
Father Weight Status
Main PSID
1999
Telephone
Mother Weight Status
Main PSID
1999
Telephone
Child Dietary Diversity
CDS - Child
2002
In-Person
Child Physical Activity
CDS - Child
2002
In-Person
Child Hours of Sleep
CDS - Child
2002
In-Person
Urban/Rural Indicator
Main PSID
2003
Telephone
Child Weight Status
CDS - Child
2007
In-Person
Young Adult Weight Status
TAS, Main PSID
2007
Telephone
Child Age
CDS - PCG
2002, 2007
Telephone
Child Sex
Main PSID
All Years
Telephone
* Variable construction is detailed in Chapter 4

As previously mentioned, the parental diet disease questions were asked of the
respondent in 1999. The respondent, though usually the head or wife/“wife” (where the “wife” is
a non-married cohabiting partner of the household head), may sometimes be an ‘other family
unit member’ (OFUM), or in rare cases a non-resident proxy. For these analyses, it is important
that the respondent is not only is a member of the household unit, but also a parent of the CDS
child from the CDS-II (2002) interview. Though it may be the case that an OFUM’s diet disease
knowledge has an impact on the dietary diversity of the child, the focus of this chapter is on the
intergenerational transmission of nutritional knowledge from parents to children. In order to
identify the respondents in the sample who were also parents of the children from CDS-II,
several steps were taken which are detailed in Appendix A. Once this data set was created the
full set could be analyzed.
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The linear regression estimates the associations connected to ‘Child Dietary Diversity’ as
the dependent variable by utilizing data from 1997, 1999, and 2002. The logistic regression
brings the sample forward to 2007 where obesity is considered as the dependent variable for the
individuals who remained in the sample. Not all sample children from 2002 remained in the
sample with valid BMI information in 2007, so for this reason the sample is smaller. Table 3.2
displays the weighted means and sample percentages for each variable and its categories for the
linear regression sample (2002 analysis) and the logistic regression sample (2007 analysis), as
well as the result of the t-tests comparing the means between the two samples in order to test if
the attrition of the sample from 2002 to 2007 resulted in the 2007 sample being biased relative to
the 2002 sample. Each pair of means was compared using a two-sided t-test to examine whether
the means were significantly different from each other. The fourth column states that none of the
variables across the two samples are significantly different from each other at the .05 level based
on the corresponding p-values.
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Table 3.2 - Descriptive Statistics by Sample
2002
2007
Variable Name
Analysis
Analysis
3.91
3.93
Parent Diet Disease Knowledge
28.91
29.06
Child Dietary Diversity
18.15%
16.86%
Child Obese
14.34
19.47
Child Age (different variables)
49.69%
49.96%
Child Male
50.31%
50.04%
Child Female
63.05%
63.19%
Child White
17.61%
16.49%
Child Black
19.34%
20.32%
Child Other
Parent Married
73.95%
75.66%
7.26%
6.56%
Parent Never Married
Parent Separated/Widowed/Divorced
18.79%
17.78%
Total Family Income
$64,904
$67,008
Parent Less High School
17.77%
16.99%
Parent High School
25.23%
24.06%
Parent High School Plus
25.00%
25.94%
32.00%
33.01%
Parent College Plus
Urban
65.81%
66.87%
Suburban
16.23%
15.98%
17.96%
17.16%
Rural
2.45
2.45
Number of Children
33.59%
31.72%
Government Assistance
28.75%
29.78%
Exercise 0 Times Per Week
27.56%
27.37%
Exercise 1-7 Times Per Week
43.69%
42.85%
Exercise 7-14 Times Per Week
17.07%
16.45%
Too Little Sleep
82.06%
82.60%
Enough Sleep
0.87%
0.95%
Too Much Sleep
45.73%
45.60%
Father Overweight
18.35%
18.30%
Father Obese
23.84%
22.84%
Mother Overweight
19.03%
18.24%
Mother Obese
1,691
1,407
Sample Size (unweighted)

Significantly
Different
No
No
No
-No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
--
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Methodology
In Chapter 4, two separate regression analyses will be executed in order to look at the
associations between the independent variables and the dependent variables ‘Child Dietary
Diversity’ in 2002 as well as ‘Child Obesity’ in 2007. The models contain the same variables,
though the key dependent and independent variables are different. The models are defined in the
following section.
Linear Regression for Child Dietary Diversity
When focusing on the continuous dependent variable ‘Child Dietary Diversity’ (CDD)
which ranges from zero to 42, descriptive statistics, distribution measures, and other descriptive
techniques will be used to look at the associations between the independent variables and dietary
diversity. Once this has been completed and linear relationships have been confirmed, a
weighted linear regression model was estimated in order to examine these variables in a
multivariate context. The full model equation is described below:
𝑛1

𝑛2

𝑛3

𝐶𝐷𝐷 = 𝛼0 + 𝛽0 𝐾 + ∑ 𝛽1𝑖 𝐷𝑖 + ∑ 𝛽2𝑖 𝑆𝑖 + ∑ 𝛽3𝑖 𝐻𝑖 + 𝜀
1

1

1

where:
CDD = Child Dietary Diversity
K = parent diet disease knowledge
D = demographic variables - child’s age, sex, race, parent’s marital status, and urbanicity
S = socioeconomic variables - total family income, parental educational attainment,
number of children in the family unit, and receipt of government assistance
H = health variables - child physical activity, sleep status, and parent weight status
A sample weight at the child level has been created by the PSID’s data processing team
in order “to account for differential probabilities of selection due to the original PSID sample
design and subsequent attrition” (Gouskova, 2001). Due to the PSID’s complex survey design,
the procedure in SAS Version 9.3 survey data based linear regression analysis is used - PROC
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SURVEYREG (Heeringa, West, & Berglund, 2010; Lynn, 2009). This accounts for the strata
and cluster variables of the sample, as well as adjusting the standard errors.
Logistic Regression for Child Obesity
The binary dependent variable ‘Child Obesity’ (CO) is dichotomous and it equals one if
the child is obese and equals zero if not. The definition of a ‘child’ in this sample is a follow-up
from the CDS children from the linear regression analysis. The children of the parent-child pairs
are followed through 2007 when they are 15-23 years of age. Though some of them are young
adults in the sample, they are referred to as children since they are from the CDS sample and are
the child component of the parent-child pairs. As will be described in detail in Chapter 4, two
separate versions of the CDC’s categorization of obesity are used in this analysis. Children 19
years of age and younger are considered obese if their age-specific BMI is greater than or equal
to the 95th percentile, and young adults age 20 and over are considered obese if their BMI score
is over 30.0 (National Center for Health Statistics, 2000).
The full model equation is described below:
𝑛1

𝑛2

𝑛3

𝐿𝑜𝑔𝑖𝑡 (𝜋𝐶𝑂 ) = 𝛼0 + 𝛽0 𝑁 + ∑ 𝛽1𝑖 𝐷𝑖 + ∑ 𝛽2𝑖 𝑆𝑖 + ∑ 𝛽3𝑖 𝐻𝑖 + 𝜀
1

1

1

where:
𝑐𝑜 = Child Obesity
N = nutrition variables – continuous measure of dietary diversity index
D = demographic variables – child’s age, sex, race, parent’s marital status, and urbanicity
S = socioeconomic variables - total family income, parental educational attainment,
number of children in the family unit, and receipt of government assistance
H = health variables - child physical activity, sleep status, and parent weight status
A large portion of the sample (878 of 1,407) had aged out of the CDS by 2007, which as
described in the data section means that they have reached age 19 or they have graduated from
high school. A majority of these individuals were in the Transition into Adulthood Supplement
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(n=856) and the others were heads and wives/“wives” in the main PSID sample (n=22), with the
remaining individuals still in the CDS (n=529).
In the analysis, the respective individual weights are used for 2007. CDS respondents are
weighted using the 2007 CDS Child weight, TAS respondents are weighted using the 2007 TAS
weight, and heads/wives/“wives” are weighted using the 2007 Individual-Level Cross-Sectional
Core PSID weight. Due to the PSID’s complex survey design, the procedure in SAS Version 9.3
survey data based logistic regression analysis is used - PROC SURVEYLOGISTIC, specifying
both the Strata and Cluster variables that were defined in the creation of the original 1968 sample
and used to further specify the selection of the CDS sub-sample (Heeringa, West, & Berglund,
2010; Lynn, 2009). The odds-ratio estimates produced by the regressions are discussed.
Empirical Analysis of Chronic Obesity, Health Events, and Mortality
In Chapter 5, ‘chronic obesity’ in adults is looked at as the key independent variable of
interest instead of the outcome variable as it was considered in Chapter 4. The sample for this
analysis consists of a panel of 4,287 adults who are followed from 1986 to 2013. This sample
was created as follows.
First, a measure of ‘chronic obesity’, or long-term obesity, was created. Height and
weight measures were first asked of heads and wives/“wives” in 1986, again in 1999, and then in
every wave since 1999. Due to the original restriction, individuals who were heads and/or
wives/“wives” in both 1986 and 1999 and had valid measures for height and weight in both years
make up the sample. Also, individuals had to be between the ages of 31 and 65 in 1999 to be
included in the sample. The upper age limit of 65 was defined, as adults over the age of 65 often
see their BMI decrease, though the direction of the cause is unclear (Flegel, Graubard,
Williamson, & Cooper, 2011). It may be because older adults are losing muscle mass, becoming
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ill at higher rates, or even that those who are obese are dying earlier and are absent from the
older age groups, but due to the uncertain physiological findings in this trend, this age group is
excluded from the analyses (Comoni-Huntley, et al., 1991; Tayback, Kumanyika, & Chee,
1990). The remaining individuals are then followed through 2013, which is the latest wave of
PSID data to be released.
Also beginning in 1999 was the inclusion of the health condition questions that ask about
the presence of conditions including asthma, diabetes, hypertension, heart attack, heart disease,
and stroke. These questions are asked in each wave following 1999, which in connection with
the ‘why nonresponse’ variable that tracks deaths from wave to wave gives updated information
as to whether or not the individual has had the diagnosis of a health condition or if they died
between interview waves.
There are five separate samples in this set of analyses. The mortality sample includes all
4,287 individuals who were heads and/or wives/“wives” in both 1986 and 1999. They must be
alive and part of the sample in 1999 in order to have their height and weight information
collected, and they are followed from that wave through 2013. Of these 4,287 individuals present
in 1999, 353 (8.23%) died after 1999 and before the 2013 interviews. In order to consider correct
temporal order, individuals were taken out of the health condition samples if they reported
having one the specified health condition (Diabetes, Asthma, Stroke & Heart Attack, or
Hypertension) in or before 1999, which is when the second time point height and weight were
collected. These individuals may also have been in the chronic obesity category, or have died
after 1999 and before 2013. Table 3.3 shows the sample size of each group, as well as the
percentage of deaths in each group.
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These individuals are followed over the seven waves of data that were collected in 2001,
2003, 2005, 2007, 2009, 2011, and 2013. The data have been converted from wide format to
long, where each individual has seven entries in the data set, one for each wave from 2001
through 2013. This long format, or stacked, data set, is used for the survival analyses in Chapter
5.
The data set contains three types of variables. Static variables including sex, race, and
childhood health status, which remain constant for the individuals across all seven waves, as well
as the dependent variables, which are events including death, or having been diagnosed with any
of the following conditions: asthma, diabetes, hypertension, or stroke, heart attack, or heart
disease. The third group consists of time-varying independent variables, which are all lagged by
one wave, so that their predictive power is maintained if an individual becomes censored in the
next wave due to death or a health condition. These time-varying independent variables are
collected each wave and include age, marital status, logged total family income (deflated to 1999
dollars), educational attainment, number of children in the household, smoking status, physical
activity, and health insurance status. A more detailed description of each of these groups is given
in Chapter 5. In addition to these variables, a sample weight is used in all models in order to have
the results represent the United States population as well as to account for oversampling and
sample attrition that occurs during longitudinal data collection (Heeringa, West, & Berglund,
2010). The sample weight is created each wave in house at the Institute for Social Research at
the University of Michigan (Gouskova, Heeringa, McGonagle, & Schoeni, 2008).
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Table 3.3 - Sample Sizes by Sample Type
Sample Type (unweighted)
Stroke/Heart
Mortality Asthma Diabetes
Attack
Number of
Individuals
Number of Deaths
Percentage of Deaths
Survival Analysis
Sample Maximum

Hypertension

4,287

4,041

4,022

3,989

3,423

353
8.23%

317
7.84%

292
7.26%

281
7.04%

210
6.13%

30,009

28,287

28,154

27,923

23,961

Though the health conditions are listed as four groups, there are more than four
conditions in these groups. They come from a list of physical health questions that were asked
starting in 1999 and have been collected in each wave since. The question wording is as follows
– “Has a doctor or health professional ever told you that you have had ____?” The choices for
health conditions are then read aloud and marked. It is certainly possible that an individual has a
health condition that has not been diagnosed yet, but that would put the bias on underreporting
and not over reporting, so the results we would see would be smaller than the actual population
results. The conditions utilized in these measures are coronary heart disease, angina, and
congestive heart failure; high blood pressure and hypertension; asthma; diabetes and high blood
sugar; stroke; and heart attack. This is important to note, because the names of the condition
groups themselves do not explain the entirety of what the health events entail.
‘Asthma’ is in a category of its own, and by 2013, 21.88 percent of the asthma-free
sample in 1999 had asthma. The ‘Diabetes’ category includes those with diabetes and high blood
sugar and 16.48 percent of the sample was diagnosed with either of the health issues during this
period. ‘Stroke/Heart Attack’ includes the categories of coronary heart disease, angina,
congestive heart failure, stroke, and heart attack, and that sample ultimately has quite a high rate
of diagnoses from 2001 through 2013, with 55.83 percent of the sample included in the
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diagnosed group. The final group, ‘Hypertension’, includes those who have had a doctor or
health professional tell them that they have high blood pressure or hypertension. This group had
23.23 percent of the sample who started in 1999 without the health condition and ended up
diagnosed with it at some point between 2001 and 2013.
The mortality sample consists of 4,287 individuals. An individual is defined as dead
through the variable ‘Why Non-response’, where a code value of 41 reflects that the individual
has died between the previous interview and the current wave. Though other studies often have
issues with loss to follow-up after the death of a survey participant, the PSID’s genealogic design
allows other family members to be contacted in order to confirm the death of the individual.
Upon the death of an individual, an exit interview is also completed by a living family member
or proxy respondent. Much of this information, however, is available only under restricted data
contract. A total of 353 individuals died between the years of 2001 and 2013, for a total of 8.23
percent of the mortality sample. Mortality is also used as a competing risk in the estimated
multivariate competing-risks proportional hazard models of health condition onset.
Descriptive Statistics
Table 3.4 displays weighted descriptive statistics for the five samples used in the
analyses. Each independent variable is compared across samples in order to get a first look at
which sample statistics differ.
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Table 3.4 Descriptive Statistics of the Mortality and Health Condition Samples
Stroke/
Mortality
Asthma
Diabetes
Heart Attack
Weight Status
Chronic Obesity
Not Obese in 1986 or 1999
Obese 1986 & Not Obese 1999
Not Obese 1986 & Obese 1999
Mean Age
Sex
Female
Male
Race
White
Black
Other Race
Marital Status
Married
Separated, Widowed, Divorced
Never Married
Income (Deflated to 1999 Dollars)
Total Family Income
Educational Attainment
Less Than High School
High School Plus
College Plus
Number of Children in Household
Self-Reported Health During Childhood
Child Health Status Excellent
Child Health Status Very Good
Child Health Status Good
Child Health Status Fair
Child Health Status Poor
Child Health Status Not Available
Smoking Status
Never Smoked Cigarettes
Former Smoker
Current Smoker
Physical Activity
No Light Physical Activity
Some Light Physical Activity
Frequent Light Physical Activity
No Vigorous Physical Activity
Some Vigorous Physical Activity
Frequent Vigorous Physical Activity
Insurance Status
Insured Past 2 Years
Not Consistently Insured Past 2 Years
Sample Totals (unweighted)
Total Sample Size
Subsample with disease prior to 1999
Individuals with disease prior to 1999

Hypertension

8.99%
76.53%
2.48%
12.00%
54.3

8.49%
77.57%
2.49%
11.46%
54.3

7.24%
78.99%
2.08%
11.69%
54.1

8.34%
77.69%
2.25%
11.71%
53.9

6.38%
80.76%
2.24%
10.62%
53.5

54.5%
45.5%

53.9%
46.1%

55.1%
44.9%

55.6%
44.4%

56.1%
43.9%

89.7%
8.9%
1.4%

89.7%
8.9%
1.4%

90.1%
8.6%
1.3%

89.6%
8.9%
1.5%

90.7%
7.8%
1.5%

70.7%
22.2%
7.1%

70.7%
22.2%
7.1%

71.0%
21.9%
7.1%

70.4%
22.4%
7.3%

70.4%
22.0%
7.6%

$75,139

$74,681

$76,213

$76,387

$78,196

9.8%
59.5%
30.7%
0.5

9.6%
59.5%
30.9%
0.5

9.4%
59.4%
31.2%
0.5

9.1%
59.4%
31.5%
0.5

8.6%
60.1%
31.3%
0.5

49.9%
28.9%
16.0%
2.4%
1.0%
1.8%

50.8%
28.7%
15.6%
2.0%
0.9%
2.0%

50.4%
29.0%
15.5%
2.3%
0.9%
1.9%

50.3%
29.0%
15.7%
2.2%
0.9%
1.9%

50.9%
28.5%
15.4%
2.2%
0.8%
2.2%

47.6%
33.7%
18.7%

47.9%
33.3%
18.8%

47.9%
33.2%
18.9%

48.7%
32.9%
18.4%

48.6%
32.3%
19.1%

39.8%
36.0%
24.2%
43.0%
32.5%
24.5%

39.7%
36.2%
24.2%
42.7%
32.7%
24.7%

39.1%
36.5%
24.4%
42.1%
33.0%
24.9%

39.1%
36.8%
24.1%
42.1%
33.2%
24.6%

38.5%
36.9%
24.6%
41.3%
33.7%
25.1%

91.1%
8.9%

91.1%
8.9%

91.1%
8.9%

91.3%
8.7%

91.0%
9.0%

30,009
---

28,287
1,722
246

28,154
1,855
265

27,923
2,086
298

23,961
6,048
864
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Those who were diagnosed with one of the health conditions in or before 1999 were
removed from their respective health condition samples. By looking at the descriptive statistics
of each of the health condition samples against the full sample (mortality sample), it is possible
to look at the characteristics of those who were removed one by one. Beginning with chronic
obesity, the key risk variable of interest, those in the diabetes, stroke/heart attack, and
hypertension categories were much more likely to be chronically obese. When they are removed
from the sample, the remaining chronically obese sample is statistically significantly different
(and lower) than the full mortality sample at the .01 level based on a two-way (and one-way) ttest for mean comparisons. This is not true for the Asthma sample at the .10 significance level
based on one- and two-way t-tests for mean comparisons. Though this shows that obesity is
likely to have a large association with these diseases, the long-term associations will be
considered in Chapter 5.
Age, however, is not affected in the same way. The mean age stays steady at
approximately 54 years in all five samples. This is the same for sex and race, though there is a
slight differentiation between the makeup of black and white groups in the hypertension sample.
Marital status remains constant, as does the number of children in the household and selfreported health during childhood. Total family income is higher for those in the hypertension
sample, showing that those who were diagnosed with hypertension in 1999 and earlier had lower
total family income values than those in the full mortality sample. A similar trend is true for
educational attainment, where the hypertension sample has a smaller percentage of those in the
‘less than high school’ category and a larger percentage in the ‘college plus’ category, showing
that those who were diagnosed with hypertension earlier, and thus are excluded from the sample,
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have lower levels of education and income. Distribution levels for smoking status, physical
activity, and insurance status remain consistent throughout the five samples.
Methodology
In Chapter 5, three methods will be used to look into the associations of chronic obesity
and weight status, adverse health conditions, and mortality. The first analysis will estimate
cumulative hazard rates of experiencing each health condition specified above. Estimates for the
four health condition categories will be calculated based on the Nelson-Aalen cumulative
integrated hazard function which allows for the specification of binary non-time varying
variables (Johnson & Schoeni, 2011). Key risk factors including chronic obesity, sex, race,
smoking status in 1999, physical activity, and childhood health status are considered in the
model of each condition’s prevalence in 2013. The cumulative hazard rate, and 95% confidence
intervals are reported.
This set of cumulative hazard rates takes the first step between descriptive statistics and
multivariate models. Though it does not account for the competing risk of death, the NelsonAalen cumulative integrated hazard function allows for the full association of each key variable
to be considered on its own. This exercise is a first pass to examine the maximum association of
each of the variables separately, as well as looking at their accumulated change over time, before
combining them into a single model. Once this has been done, their relationships to one another,
in addition to the dependent variable, are considered.
Competing-Risks Proportional Hazards for Health Conditions
The second set of analyses estimate multivariate competing-risks proportional hazard
models of health condition onset using each disease sample separately (Allison, 1984; Allison,
2010). Each of these four health condition sub-samples, ‘Asthma’, ‘Diabetes’, ‘Stroke/Heart
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Attack’, and ‘Hypertension,’ uses death as a competing risk factor and contains four models.
Model 1 includes only weight status variables, Model 2 adds demographic variables, Model 3
includes socioeconomic variables, and Model 4 concludes with the addition of health and
wellbeing variables. The STCRREG command in Stata SE Version 14 is used to perform these
analyses. This command fits competing-risks regression models via maximum likelihood, and
posits a model for the subhazard function of a failure event of primary interest (Fine & Gray,
1999). The specifics of each of these independent variables will be detailed in Chapter 5. The
competing risks model is described below, where the subdistribution hazards, ℎ𝑘𝑠 (𝑡), account
for competing events and allow for the examination of covariate effects.
ℎ𝑘𝑠 (𝑡) = −

𝑑 log(1 − 𝐶𝑘 (𝑡))
𝑑𝑡

𝑤ℎ𝑒𝑟𝑒 𝐶𝑘 (𝑡) 𝑖𝑠 𝑎 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 𝑎 𝑟𝑎𝑛𝑔𝑒 𝑜𝑓 𝑐𝑜𝑣𝑎𝑟𝑖𝑎𝑡𝑒𝑠
The covariates include:
Weight status – chronic obesity, obese 1986 & not obese 1999, and not obese 1986 &
obese 1999
Demographic variables – age, sex, race, and marital status
Socioeconomic variables – total family income, educational attainment, and number of
children in the family unit
Wellbeing variables – childhood health status, smoking status, physical exercise and
insurance status

Cox Proportional Hazards for Mortality
The final set of analyses work with the full sample and looks further into the associations
between chronic obesity and mortality, by using Cox proportional hazard models, which are used
with corresponding sample weights provided by the PSID (Johnson & Schoeni, 2011). The Cox
proportional hazard model was used to define the models, since competing risks was not a factor
in these analyses (Allison, 1984; Allison, 2010). The models proceed in the same way as for the
health conditions. Model 1 includes weight status variables, Model 2 adds demographic
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variables, Model 3 includes socioeconomic variables, Model 4 added health and wellbeing
variables, and Model 5 concluded with a subset of the variables that held statistical significance
in any of the first four models. The STCOX command in Stata SE Version 14 is used to perform
these analyses and the hazard ratios represent the instantaneous relative risk of an event, at any
time, for an individual with an increase of one in the value of the covariate. Hazard ratios and 95
percent confidence intervals are presented in Chapter 5. The full model is specified as follows:
𝑛1

𝑛2

𝑛3

1

1

1

𝐻(𝑡)
ln (
) = 𝛽1 𝑂 + ∑ 𝛽2𝑖 𝐷 ∑ 𝛽3𝑖 𝑆 + ∑ 𝛽4𝑖 𝑊
𝐻0 (𝑡)
where: 𝑂 = obesity status – chronic obesity, obese 1986 & not obese 1999, and not obese 1986 &
obese 1999
𝐷 = demographic variables – age, sex, race, and marital status
𝑆 = socioeconomic variables – total family income, educational attainment, and number
of children in the family unit
𝑊 = wellbeing variables – childhood health status, smoking status, physical exercise, and
insurance status
The data for both empirical chapters come from the PSID, but are utilized in very
different ways. The survey’s rich data, genealogic design, and breadth of topics make it ideal for
this type of research. The subsequent chapters detail how the variables collected across multiple
waves of data and study supplements are combined into several cohesive analyses which
examine parent-child pairs, children, adolescents, and adults as sample respondents throughout
different phases of their life course.
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Chapter 4 - Child Dietary Diversity and Child Obesity Status
Background
Despite steady progress over most of the past century toward assuring the health of our
country’s children, we begin the 21st century with a startling setback – an epidemic of
childhood obesity. This epidemic is occurring in boys and girls in all 50 states, in
younger children as well as adolescents, across all socioeconomic strata, and among all
ethnic groups […]. At a time when we have learned that excess weight has significant
and troublesome health consequences, we nevertheless see our population in general and
our children in particular gaining weight to a dangerous degree and at an alarming rate
(Koplan, Liverman, & Kraak, 2005).
Though in recent years there has been a strong effort to determine what is causing the
stark rise in obesity, there is still much to be considered. When looking at the outcome of body
weight as a function of total energy expenditure and total energy consumption, the equation may
seem quite simple; however, there are many biological, behavioral, and social determinants of
each of these factors. This chapter takes a step to examine the health literacy of parents through
diet disease knowledge and how that is connected to the food children are consuming. A child’s
diet is then examined in its associations with their weight status in adolescence and young
adulthood, while controlling for social, economic, and behavioral factors that affect both
outcomes. Many of these lines of inquiry have been considered separately, but this study will
comprehensively measure these factors simultaneously, as well as using a nationally
representative intergenerational sample and longitudinal analysis techniques. The literature on
this topic spans several fields of study including sociology, demography, public health, medicine,
and nutrition, and is global in scale (World Health Organization, 2003).
In the United States, the result of a homogenous diet is often found to be obesity in
children (Kennedy, 2004). Having a low dietary diversity has been connected to diets that
contain more calorie dense foods, as well as a higher incidence of fatty foods, which have been
associated with higher BMI scores (Poskitt, 2005). There have been mixed results in these
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studies, however, where some have found that diversity in more energy dense food groups like
grains increased the risk of overweight and obesity, while variety in fruits and vegetables was
associated with lower BMI (McCrory, et al., 1999; Raynor & Epstein, 2001; Kennedy E. ,
Bowman, Spence, Freedman, & King, 2001). It has been shown that it is important to have
diversity among the food groups and not just within them (Kennedy E. , 2004). The question that
follows is why do children eat what they do?
Studies have focused on parental influence on child diet, noting that parents decide much
of the early food choice and nutritional training for children and adolescents. Though some
studies have not found direct statistical significance linking parental diet disease knowledge to
childhood obesity, others have seen positive and significant associations between greater parental
nutritional knowledge and increased height for age, which is a positive factor in child physical
development (McCooey, 1995; Arimond & Marie, 2004). Past research has also shown that
while nutritional knowledge can be taught directly to children in school, factors including race,
ethnicity, and socioeconomic status remain key moderating factors as to whether or not that
knowledge is translated into better diets at home (Kelly, 1981; Kozłowska-Wojciechowska,
Uramowska-Zyto, Jarosz, & Makarewicz-Wujec, 2002; Vereecken & Maes, 2010). All of these
different facets of the existing literature show that there is still much to be learned about the
nutritional knowledge of the parent and child, and its translation to diet.
Another debate within the existing literature is how to best quantify nutritional
knowledge as well as dietary diversity. Several studies have looked into different dietary indexes
that take type of food, caloric value, and ratios of different nutrients in the diet into consideration
(Drescher, Thiele, & Mensink, 2007; Patrick, et al., 2004). The United States Department of
Agriculture (USDA) has worked with the ‘Healthy Eating Index’ in order to classify different
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types of diets, which can be used to allow individuals to gauge how well they are eating. This
index has also been used to look at connections to obesity, and associations have been found
between unbalanced diets and higher Body Mass Index scores in adults (Kennedy, Bowman,
Spence, Freedman, & King, 2001). In order to reflect the idea of balanced diets, the ‘dietary
diversity index’ was created to capture the same themes of eating a variety of food groups
consistently using the available data from the CDS.
As discussed in Chapter 2, health literacy and cultural health capital both play a role in a
parent’s ability not only to navigate the spheres of health and nutrition, but to connect them and
apply that knowledge to the diet that they seek to feed their children. This type of applied health
literacy is currently being looked to as a way to empower low-income mothers who may not
have the education or resources that others have, as well as adolescents who are beginning to
make decisions on their own (Porr, Drummond, & Richter, 2006; Manganello, 2008). It has been
shown time and again that parental obesity is an important predictor of childhood obesity, so
creating a positive framework to send the message of health from parents to children may be the
strongest offense for preventing childhood obesity (Davis, McGonagle, Schoeni, & Stafford,
2008; Garn & LaVelle, 1985; Whitaker, Wright, Pepe, Seidel, & Dietz, 1997).
There have been studies looking into the themes of parental nutritional knowledge and
diet, but they have not been able to consider the biological, behavioral, economic, and
demographic aspects simultaneously (Morton & Guthrie, 1997; Shepherd & Stockley, 1987).
This chapter seeks to understand whether a construct of parental diet disease knowledge can
significantly increase the dietary diversity of their child, and in turn, whether increased dietary
diversity lowers the odds of becoming obese as an adolescent. By using data from three points in
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time from a nationally representative panel study, adult and child survey instruments, as well as
bio-measures, this research combines several disciplines into a single narrative.
Constructed Variables
Several steps were taken to get from the raw variables to the final independent and
dependent variables of interest. First, the three indexes were created, namely ‘Child Obesity’,
‘Child Dietary Diversity Score’, and ‘Parental Diet Disease Score.’ Each of these three key
indexes is discussed below. After examining trends using descriptive methods, linear and
logistic regression were utilized to examine the predictors of dietary diversity, followed by
testing the association of dietary diversity and child obesity.
The variables for these analyses have been taken from their downloaded format from the
PSID’s online Data Center and have been arithmetically transformed and/or recoded into dummy
variables to best suit the requirements of the analyses. All dependent and independent variables,
including indexes, are explained in this section.
Child Obesity – Child weight status is based on the Centers for Disease Control’s (CDC)
BMI-for-age percentiles, which take into consideration a child’s sex, age, height, and weight
(National Center for Health Statistics, 2000). This is the most commonly used calculation for
categorizing obesity in children. In this analysis the most current CDC convention for obese
status is used, where children under the age of 19 are considered obese if their BMI-for-age is
greater than or equal to the 95th percentile (National Center for Health Statistics, 2000). For
young adults, BMI is interpreted using standard weight status categories that are the same for all
ages and for both men and women, where obesity is categorized as having a BMI greater than or
equal to 30.0 (National Center for Health Statistics, 2015).
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Table 4.1 - Child Obesity (percent of sample - weighted)
Weight Category
2002 Analysis
2007 Analysis
Obese
18.15%
16.86%
Child Dietary Diversity Score – This index is created by combining six separate
questions asked of children and adolescents in the CDS-II interview who were ten years of age or
older in 2002. The children answered these questions independently, without the help of their
parents or other household members. The questions did not ask about specific serving sizes or
caloric intake, but rather the number of days in the past week that they consumed different food
groups. The six groups included are dairy, fruit, vegetables, grains, meat, and non-meat protein.
The questions from the child’s interview are listed below:
1) Think about all of the food that you ate last week, including meals and snacks at home,
at school, at restaurants, and anywhere else. How many days last week did you
drink milk or eat dairy foods that are made from milk, such as cheese, cottage
cheese, ice cream, or yogurt?
2) […] How many days last week did you eat fruit or drink fruit juice?
3) […] How many days last week did you eat vegetables?
4) […] How many days last week did you eat breads and other foods that are made from
grains, such as cereals, spaghetti, rice or tortillas?
5) […] How many days last week did you eat meat, fish, chicken, or turkey?
6) […] How many days last week did you eat foods high in protein other than meat such
as eggs, peanut butter, beans (such as baked or refried beans), meat substitutes
and soy protein foods such as tofu?
The dietary diversity index is used as a continuous variable where all of the six
components are summed. This leads to a measure of dietary diversity with a minimum score of
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zero and a maximum of 42, where a score of 42 denotes that the child is reporting eating each of
the six groups every day of the week. This continuous measure is used as the dependent variable
in the linear regression model and the key independent variable in the logistic regression model
considering child obesity as the dependent variable.
Chart 4.1 shows the distribution of both the 2002 and 2007 samples and their total dietary
diversity scores. The quartile range cut-offs are as follows: 0-24, 25-29, 30-34, and 35-42. To
further break down the meaning of these scores, Table 4.2 and Chart 4.2 display the distributions
of dietary diversity by food group. As seen in Chart 4.2, the food groups are not consumed
evenly as a score increases from a value of zero to a value of 42. In fact, non-meat protein and
vegetables are consistently lower than the other food groups, grains are higher, and fruit, meat,
and dairy are on a roughly linear path from zero to seven. The trends seen before a score of 15
are similar, but are much more variable due to the fact that only three percent of the sample has a
score in that portion of the distribution.

Chart 4.1 - Child’s Dietary Diversity - weighted
(Sum of Days per Week for All Food Groups)
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Chart 4.2 - Dietary Diversity Score by Food Group
(mean)
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To examine whether consumption differs across these food groups, the means and
standard errors were calculated (Table 4.2) and tested against each other for equal means twoway t-tests (Table 4.3). Grains and dairy have the highest means, while vegetables and non-meat
protein have the lowest. These means correspond to the average (weighted) days of the week that
these food groups are being consumed. So, on average, a child is eating grains almost six days of
the week, dairy, meat, and fruit about 5 days a week, and vegetables and non-meat protein
around 4 days a week. This average diet may seem relatively diverse; however, roughly half of
the sample is below that point.
The next question is whether those means are different from each other. Table 4.3 shows
that 11 out of the 15 food group pairs have statistically significant means from one another at the
.05 level. This shows, beyond the descriptive nature of the charts, that the majority of the food
groups are being consumed at different rates, and that the dietary diversity score is not only
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adding up the number of food groups consumed daily, but also as the scores increase to higher
values, vegetables and non-meat protein are being reported at higher frequencies.
Table 4.2 - Distribution of Child’s Dietary Diversity Index Items
(2002 Analysis Sample - weighted)
Mean
Std. Dev.
Minimum
Maximum
Grain
5.89
6.30
0
7
Dairy
5.35
7.54
0
7
Meat
5.16
8.21
0
7
Fruit
4.87
8.11
0
7
Vegetables
4.11
9.31
0
7
Protein
3.68
8.33
0
7
Cronbach’s Alpha=.684

Fruit
Vegetables
Grain
Dairy
Meat
Protein

Table 4.3 - Food Group Mean Differences
(T-Test Results Significant)
Fruit
Vegetables
Grain
Dairy
Meat
-Yes
Yes
No
No
-Yes
Yes
Yes
-Yes
Yes
-No
--

Protein
Yes
No
Yes
Yes
Yes
--

Parental Diet Disease Score – The ‘Parental Diet Disease Score’ is the key independent
variable of interest in capturing parental nutritional knowledge. The components of this index
were collected from the interview respondent in the 1999 wave of the PSID, in the nutrition
supplement of the main set of interview questions. A total of five questions, each with a weight
of one, were combined to create the varying degrees of ‘Diet Disease Knowledge’ of the
adult/parent in the household. This information was then linked to the children in the Child
Development Supplement and their corresponding levels of dietary diversity in CDS-II, which
was collected in 2002.
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Included in the ‘Parental Diet Disease Index,’ adults answered questions about nutrition
and healthy eating in the 1999 main PSID interview. The questions were not in reference to their
children, but rather general knowledge. This index is modeled after the ‘knowledge of dietdisease relationships’ index, from the Diet and Health Knowledge Survey (DHKS) (Obayashi,
Bianchi, & Song, 2003). The survey questions ask about whether eating too much fat,
cholesterol, not enough fiber, calcium, or being overweight cause health problems. Though the
DHKS index is based on seven questions, the PSID did not ask the questions pertaining to eating
too much sugar or salt, so the two indexes are not identical. The answers in the ‘Parental Diet
Disease Index’, however, are summed in the same way to create the scale, which ranges from 0
to 5.
The continuous scale is used to assess the associations between parental diet disease
knowledge and child dietary diversity. The distributions of the components as well as the full
index score are displayed in Tables 4.4 and 4.5. As discussed in previous studies, parental
nutritional knowledge, may capture a specific type of knowledge that is different than general
educational attainment (Frazão, 1999). By first looking at parental diet disease knowledge and
then adding parental educational attainment, it will be possible to see if the associations of
nutritional knowledge are robust, or whether they are proxies for educational attainment.
Table 4.4 - Parental Diet Disease Scale Items
(percent of sample - weighted)
Causes health problems
2002 Analysis
Too Much Fat
84.96
Not Enough Fiber
53.53
Not Enough Calcium
84.04
Too Much Cholesterol
82.84
Overweight
84.91
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Table 4.5 - Parental Diet Disease Scale Score
(percent of sample - weighted)
Score
2002 Analysis
Missing
0.36
0
4.16
1
4.42
2
5.28
3
13.06
4
27.88
5
44.84
Cronbach’s Alpha=.753
Table 4.6 - Distribution of Parental Diet Disease Scale
Sample
N
Mean
Std Dev
Minimum Maximum
2002 Analysis 1691 3.76
1.45
0
5
Child Age – As an individual ages from childhood through adolescence and young
adulthood, they become more autonomous and are able to make more decisions about the food
they eat from information they have obtained not only from their parents, but from outside
sources as well (Manganello, 2008). For this reason, older children are expected to have more
diverse diets, on average. Age is a generated variable, which is constructed from the child’s date
of birth at the time of the Primary Caregiver’s interview. This variable is coded in years, where
fractions of a year are in decimal format. This measure of age was chosen because there are no
missing values due to the fact that each child needed to have a completed Primary Caregiver
Interview in order for the interview to be deemed complete in CDS-II (2002). Also, since this
age variable is based on the child’s date of birth which is verified each wave; it is less susceptible
to response errors that may be prevalent in self-reported age.
The range for this sample is from ten to 19 in 2002 and 15 to 24 in 2007, because the
dietary diversity questions are based on a nutrition section that was only asked of children ages
ten and older in 2002. Though the CDS generally interviews children up to age 18, there were
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two children who were still in high school at the time of the interview and had newly turned 19.
These two respondents were still eligible for the study, and thus are included in the sample. With
the exception of the two oldest sample members, distribution by age is quite consistent, as can be
seen in Table 4.7.

Age
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24

Table 4.7 - Child Age Groups
(percent of sample - weighted)
2002 Analysis
2007 Analysis
11.71%
11.00%
11.98%
11.85%
11.03%
12.46%
11.59%
10.58%
10.43%
10.86%
10.94%
8.39%
11.60%
0.12%
12.15%
12.32%
11.18%
11.18%
8.47%
0.14%

Child Sex – The child’s sex is constructed from the individual-level file variable
ER32000 ‘Sex of Individual.’ Since the original data set has the child as the focal point, they are
defined as the individual. A dummy variable for ‘female’ was created and equals one if the child
is female and zero if the child is male. Roughly half of the sample is male and half is female.
Other nationally representative studies have shown that the rates of obesity are approximately
equal for male and female children in the U.S. (Ogden C. L., Carroll, Kit, & Flegal, 2014). In the
analyses that follow, it would be expected that female children would have the same odds of
being obese as their male counterparts, all else held equal.
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Table 4.8 - Sex of Child (percent of sample - weighted)
Sex of Child
2002 Analysis
2007 Analysis
Male
49.69%
49.96%
Female
50.31%
50.04%
Child Race – Child’s race is constructed from the Primary Caregiver’s Child Interview.
The categorical options given were (1) White non-Hispanic, (2) Black non-Hispanic, (3)
Hispanic, (4) Asian or Pacific Islander, (5) American Indian or Alaskan Native, or (7) Other. The
code value of (7) is customary for ‘Other’ in the PSID, and for this specific variable there is not a
value for (6). Due to the small sample sizes of the groups other than ‘White non-Hispanic’ and
‘Black non-Hispanic’, child’s race is combined into three dummy variables – ‘Child White’,
‘Child Black’, or ‘Child Other Race’. On the national level, non-Hispanic black children have
higher rates of obesity, on average, as compared to non-Hispanic white children (Ogden C. L.,
Carroll, Kit, & Flegal, 2014).
Table 4.9 - Child Race (percent of sample - weighted)
Race of Child
2002 Analysis
2007 Analysis
White non-Hispanic
63.05%
63.19%
Black non-Hispanic
17.61%
16.49%
Other Race
19.34%
20.32%
Parent Marital Status – Marital status comes from the family-level interview and is asked
of the head of household. The marital status options are - (1) Married or permanently cohabiting;
(2) Single, never legally married; (3) Widowed and no wife/"wife"; (4) Divorced and no
wife/"wife" or (5) Separated; legally married but no wife, "wife," or husband is present in the
family unit. These categories have been combined into three variables – ‘Married’ (1), ‘Never
Married’ (2), or ‘No Longer Married/Cohabiting’ (3, 4, and 5). Parental marital status holds
significance in terms of monetary resources, stability, and time spent as a family. Research has
shown that over the life course, having parents who divorce during childhood can have a larger
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negative effect on health outcomes later in life than the death of a parent (Friedman & Martin,
2011). By looking at different types of family structures, it will be possible to see how dual
parent households differ from households who have always had a single parent and those who
have transitioned from a two parent household to a one parent household. Children who come
from two parent households are more likely to have better outcomes.
Table 4.10 - Parent Marital Status (percent of sample - weighted)
Marital Status
2002 Analysis
2007 Analysis
Married
73.95%
75.66%
Never Married
7.26%
6.56%
No Longer Married/Cohabiting
18.79%
17.78%
Rural-Urban Code – This variable comes from the Beale-Ross Rural-Urban Continuum
Code, which identifies the areas in which the families live. The original code is broken down into
the following categories –
1 - Central counties of metropolitan areas of 1 million population or more
2 - Fringe counties of metropolitan areas of 1 million population or more
3 - Counties in metropolitan areas of 250 thousand to 1 million population
4 - Counties in metropolitan areas of less than 250 thousand population
5 - Urban population of 20,000 or more, adjacent to metropolitan area
6 - Urban population of 20,000 or more, not adjacent to a metropolitan area
7 - Urban population of fewer than 20,000, adjacent to a metropolitan area
8 - Urban population of fewer than 20,000, not adjacent to a metropolitan area
9 - Completely rural
To understand the differences between children who live in urban areas, suburban areas, and
rural areas, the full code was broken down as follows: ‘Completely Urban’ (codes 1, 2, and 3),
‘Suburban’ (code 4, 5 and 6), and ‘Rural’ (codes 7, 8, and 9). Rural will be the reference
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category in the analyses. The weighted distribution is displayed in Table 4.11. Children in urban
areas have been shown to have lower rates of obesity, which has been connected to higher levels
of physical activity (McGrath-Davis, Bennett, Befort, & Nollen, 2011). By looking at a gradient
of urban, suburban, and rural indicators, it will be possible to look at the differences a child’s
residential area has on their diet as well as weight outcome.
Table 4.11 – Percent Living in Urban-Rural Areas (weighted)
Variable Name
2002 Analysis
2007 Analysis
Urban
65.81%
66.87%
Suburban
16.23%
15.98%
Rural

17.96%

17.16%

Number of Children in the Family Unit – Number of children comes from the familylevel file and represents the number of children under age 18 in the Family Unit as of the
interview. These children do not need to be the biological children of the head and wife/“wife”.
Though there are other variables that could be used to approximate family size, this variable was
chosen as a proxy to estimate the number of possible dependents who were competing for
resources at the time of the interview. Though there may be other adult children, this variable
takes into account all persons under the age of 18 who are not only in the ‘Household Unit’, but
considered to be a part of the ‘Family Unit’. The continuous variable is used in both analyses. It
is important to note that the minimum number of children is one in this data set, since a child is
required to be in the family to be part of the sample.
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Table 4.12 - Number of Children in the Family Unit
(percent of sample - weighted)
Number of Children
One
Two
Three
Four
Five
Six
Eight
Nine

2002 Analysis
16.22%
42.80%
27.82%
7.83%
3.68%
1.43%
0.14%
0.08%

2007 Analysis
15.68%
43.98%
27.41%
7.89%
3.28%
1.59%
0.08%
0.10%

Total Family Income (logged) – ‘Total Family Income’ is generated internally by the data
processing team at the PSID and is the sum of the following variables – (1) Taxable Income of
Head and Wife/"Wife", (2) Transfer Income of Head and Wife/"Wife", (3) Taxable Income of
Other Family Unit Members (OFUMs), (4) Transfer Income of OFUMs, and (5) Social Security
Income. Since losses can be contained in this value from debts and net business losses, it is
possible for Total Family Income to be negative. ‘Total Family Income’ has been reconstructed
in two ways. First, as is the practice in labor economics, the cases that were negative (n=2) were
recoded to zero. Then, the instances where ‘Total Family Income’ was equal to zero (n=8) were
recoded to one, so that the natural log would be equal to zero. Next, the natural log was taken
and this measure of ‘Total Family Income’ was used in both analyses. This continuous measure
quantifies income at the household level while deemphasizing the right skew of the non-logged
variable. This normalization can be seen by looking at the differences in the distributions from
the original variable and the logged values in Charts 4.3 and 4.4 respectively.
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Chart 4.3 - Total Family Income
(weighted)
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Chart 4.4 - Logged Total Family Income
(weighted)

16

Logged Dollars (1999)

14
12
10
8
6
4

2
0
0

200

400

600

800

1000

Families (minimum to maximum)

Table 4.13 Distribution of Logged Total Family Income (weighted)
Sample
N
Mean
Std Dev
Minimum
Maximum
2002 Analysis
1696
10.65
4.97
0
14.50
2007 Analysis
1467
10.69
5.00
0
14.50
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Parental Educational Attainment – The continuous measure of years of completed
education ranges from 1-17. Values of one to 16 represent the actual grade of school completed;
e.g., a value of eight indicates that the individual completed the eighth grade. It is top-coded at
17, where a code value of 17 indicates that the individual completed college and at least some
postgraduate work. Education, however, is not linearly related to many outcome variables, as an
increment of one year of education may have a different impact depending where it takes place
along the education spectrum. For example, a difference of completing five to six years of
education would not have the same meaning as 11 to 12 years where a high school diploma is
obtained. For this reason, educational attainment has been restructured into four dummy
variables – Less Than High School (0-11 years of education), High School (12 years of
education), High School Plus (13-15 years of education), and College Plus (16 or more years of
education). This variable may be available for the mother and father if they are both living in the
family unit at the time of the interview. The parent with the highest level of education is used for
this variable, or, if only one parent has a valid measure for education, their educational
attainment is used. Please see Table 4.14 for the sample breakdown.
Table 4.14 - Parental Educational Attainment (weighted)
Education Category
2002 Analysis
2007 Analysis
Less Than High School
17.77%
16.99%
High School
25.23%
24.06%
High School Plus
25.00%
25.94%
College Plus
32.00%
33.01%
Government Assistance While Pregnant – A series of questions was asked in CDS-I
pertaining to help that was received while the child was in utero. These six questions asked about
participation in the following programs during pregnancy – (1) Medicaid paying for any medical
bills, (2) participation in the WIC (Women, Infants, and Children) program, (3) receipt of
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government food stamps, (4) receipt of free food from another government program, (5) receipt
of payments from ADC (Aid to Dependent Children) or AFDC (Aid to Families with Dependent
Children), or (6) assistance from any other public agency. These programs, though all
necessitating low income to some degree, have different restrictions on who can apply or receive
the benefits. For this reason, the government help variable was created to denote whether or not
any help was received from a government agency during pregnancy.
This indicator is equal to one if any of these six questions was answered ‘yes’. It is
important to note that this is a retrospective question that was asked when the children were aged
five to 11 during the CDS-I interview in 1997. There are other indicators in the family level data
that indicate program participation, but they would not indicate the critical period of child
gestation. Though their families may be in better financial condition in future waves of the study,
which is controlled for by their total family income, this government help variable gives insight
into their family’s financial situation during their prenatal period, which can be influential
throughout the entire life course (Almond & Currie, 2011).
Table 4.15 - Government Assistance Receipt while Pregnant with Child
(percent of sample - weighted)
Index Variable
2002 Analysis
2007 Analysis
Yes, Some Assistance
33.59%
31.72%
Mother’s and Father’s Weight Status – Body Mass Index (BMI) is used to define
overweight and obese status in parents. Unlike the CDS, the core PSID interview is administered
over the phone, so biological measures are not taken at the time of the interview. Though
biological measures would be ideal, research has shown that BMI is also correlated with direct
measures of body fat (Wohlfahrt-Veje, et al., 2014; Freedman, Horlick, & Berenson, 2013). The
PSID’s interview does not measure body fat directly; however, height (in feet and inches) and
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weight (in pounds) are self-reported in the interview and are used to construct a continuous
measure of BMI.
The CDC has BMI ranges that are defined as overweight and obese. For adults 20 years
of age and older, BMI is interpreted using standard weight status categories that are the same for
all ages and for both men and women and are described in Table 4.16. These two categories are
used as indicators in the analyses to see if parent overweight and obese status is linked to child
outcomes. The standard weight status categories associated with BMI ranges for the parents in
the sample are displayed in Table 4.17 and Table 4.18.
Table 4.16 - Weight Status Definitions
by Body Mass Index Range
BMI Range
Weight Status
Below 18.5
Underweight
18.5 – 24.9
Normal
25.0 – 29.9
Overweight
30.0 and Above Obese
Table 4.17 - Mother’s Weight Status
(percent of mothers in sample - weighted)
Weight Status Category
2002 Analysis 2007 Analysis
Underweight
3.64%
3.30%
Normal Weight
53.49%
55.63%
Overweight
23.84%
22.84%
Obese
19.03%
18.24%
Table 4.18 - Father’s Weight Status
(percent of fathers in sample - weighted)
Weight Status Category
2002 Analysis
2007 Analysis
Underweight
0.16%
0.18%
Normal Weight
35.76%
35.92%
Overweight
45.73%
45.60%
Obese
18.35%
18.30%
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Child Physical Activity - The measure of physical activity for each child is equal to the
number of times per week that the child is physically active both in and outside of school in
2002. The continuous measure is based on the sum of two variables that gather information about
a child’s average days per week spent in physical education class at school as well as days where
a minimum of 30 minutes is spent doing vigorous physical activity outside of school. These
questions are asked in the child’s Audio-Computer Assisted Self Interview (ACASI), and are
summed to create a scale from 0-14 where a child is able to report exercising a maximum of
twice a day each day of the week. The weighted continuous variable is displayed in Chart 4.5.
As can be seen visually in Chart 4.5 as well as quantitatively in Table 4.19, a large
portion of the sample reports no physical activity during the week. This includes physical
education class in school, or times during the week consisting of 30 minutes or more of vigorous
physical activity outside of school. For this reason, physical activity has been broken down into 3
categories: ‘No Exercise’, ‘Exercise 1-7 Times per Week’, and ‘Exercise 8-14 Times per Week’.

Chart 4.5 - Reported Physical Activity
(Times During the Week - weighted)
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Table 4.19 - Child’s Physical Activity (percent of sample)
Activity Level
2002 Analysis
2007 Analysis
No Reported Activity
28.75%
29.78%
Some Activity (1-7 times per week)
27.56%
27.37%
High Activity (8-14 times per week)
43.69%
42.85%
Child Sleep Status – Sleep status was constructed from a question asked in the child’s
Audio-Computer Assisted Self Interview (ACASI) which asked: “How many hours of sleep do
you usually get a night?” By following the age-specific guidelines released by the National Sleep
Foundation, three variables were created to define children who were getting the recommended
amount of sleep, those who were sleeping too much, and those who were sleeping too little
(Hirshkowitz, et al., 2015). Studies have shown that insufficient sleep is associated with
increased food consumption and poor dietary habits, which have been associated with more
homogeneous diets and obesity (Chaput, 2014).
By including sleep variables in this set of analyses, it will be possible to see if these
associations are present in this sample of children as well. Table 4.20 displays the recommended
hours of sleep for the ages of the children in this sample. The sleep variables that were created
for ‘Too Much Sleep’ and ‘Too Little Sleep’ are based on the number of hours defined in the
‘Not Recommended’ column in Table 4.20. Due to the small percentage of the sample in the
‘Too Much Sleep’ category, the following analyses will compare those who reported obtaining
the recommended amount of sleep with those who do not.
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Chart 4.6 - Average Hours of Sleep Per Night
(Reported - weighted)
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Table 4.20 - Sleep Recommendations by Age Group (hours per night)
Age
Recommended May Be Appropriate Not Recommended
10-13 years 9-11
7-12
<7 or >12
14-17 years 8-10
7-11
<7 or >11
18-19 years 7-9
6-11
<6 or >11
Table 4.21 - Child’s Sleep Status (percent of sample - weighted)
2002 Analysis
2007 Analysis
Sleep Category
Too Little Sleep (Not Recommended)
17.07%
16.45%
Enough Sleep (Recommended)
82.06%
82.60%
Too Much Sleep (Not Recommended)
0.87%
0.95%
Results - Child Dietary Diversity in 2002 - Linear Regression Models
This next section will display the results from the linear regression as discussed in
Chapter 3. To begin, the linear regression analyses were performed in a sequence of five models,
all with the dependent variable ‘Child’s Dietary Diversity Score’. This continuous measure
ranges from zero to 42. Model 1 included the key independent variable of interest, the
continuous measure of ‘Parental Diet Disease Score,’ which ranged from zero to five. From
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there, demographic independent variables were included in Model 2, including the child’s age,
sex, race, parent’s marital status, and ubanicity. Model 3 added familial socioeconomic variables,
which focused on logged total family income, parental education, and number of children in the
family unit, as well as a retrospective measure of whether the family received any government
assistance while the mother was pregnant with the child. Moving forward to Model 4, both child
and parental health factors were added in the form of the child’s physical activity and sleep status
as well as parental weight status. Finally, Model 5 included only the independent variables which
held statistical significance in the full model (Model 4).
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Table 4.22 - Linear Regression 2002 Analysis – Child Dietary Diversity Index
Model 1
Model 2
Model 3
Model 4
Model 5
Independent Variables
Regression Coefficients (Standard Errors)
Diet Disease Knowledge
0.721***
0.530***
0.406**
0.472***
0.508***
(0.162)
(0.174)
(0.183)
(0.178)
(0.169)
Child Age
0.393***
0.372***
0.364***
0.368***
(0.086)
(0.087)
(0.096)
(0.097)
Child Female (ref.=male)
-0.026
0.016
0.147
(0.438)
(0.437)
(0.424)
Child Black (ref.=white)
-2.008***
-1.599**
-1.370**
-1.309**
(0.592)
(0.649)
(0.660)
(0.544)
Child Other Race
-0.754
-0.233
-0.238
-0.364
(0.687)
(0.738)
(0.708)
(0.651)
Parent Never Married (ref.=married)
0.743
1.278
1.429
(0.687)
(0.805)
(0.885)
Parent Separated, Divorced, Widowed
-0.812
-0.155
-0.168
(0.650)
(0.720)
(0.768)
Urban (ref. = rural)
0.365
0.008
-0.010
(0.602)
(0.617)
(0.605)
Suburban
0.428
0.192
0.143
(0.831)
(0.828)
(0.799)
Total Family Income (logged)
0.354*
0.305*
0.484***
(0.194)
(0.181)
(0.164)
Parent High School (ref.=less than high school)
-0.423
-0.527
(0.768)
(0.737)
Parent High School Plus
0.597
0.512
(0.750)
(0.730)
Parent College Plus
0.767
0.730
(0.846)
(0.835)
Number of Children
0.180
0.119
(0.214)
(0.208)
Government Assistance While Pregnant
-0.347
-0.454
(0.586)
(0.568)
Exercise 1-7 Times Per Week
-1.252*
-1.155*
(ref.= no exercise)
(0.640)
(0.650)
Exercise 8-14 Times Per Week
1.633***
1.631***
(0.546)
(0.545)
Recommended Amount of Sleep
2.026***
2.004***
(0.538)
(0.535)
Father Overweight (ref.=normal weight)
-0.010
(0.524)
Father Obese
0.190
(0.709)
Mother Overweight (ref.=normal weight)
-0.465
(0.529)
Mother Obese
-0.170
(0.604)
Intercept
26.074***
21.490*** 17.804*** 16.503*** 14.820***
(0.671)
(1.561)
(2.512)
(2.653)
(2.225)
Sample Size
1691
1691
1691
1691
1691
R-Square
0.019
0.051
0.061
0.105
0.095
F-Value (Pr>F)

19.88***

6.80***

5.35***

5.86***

13.92***

*** p< .01, ** p< .05, * p< .10 (based on t-statistics)
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Parental Diet Disease Score – To begin, ‘Parental Diet Disease Score’ is statistically
significant at the .01 level. For every additional point the parent scores on the index, their child
reports consuming an additional .51 days’ worth of a food group on average. When discussed
over the scope of the entire scale, a five-point increase in diet disease knowledge would lead to
an average of a 2.55 point increase on the dietary diversity scale. As previously stated, the
dietary diversity scale ranges from zero to 42, so an increase of 2.55 points would amount to a
six percent increase in the dietary diversity scale. These associations are robust enough to hold
when other measures of parental knowledge are added to the model, namely parental education.
Demographic Independent Variables
Child Age –The regression coefficient for child age is statistically significant at the .01
level across all models, and has a coefficient value of .368 in the final model (Model 5). This
implies that, on average, with all else held equal, an increase in age from ten to 19 would result
in an increase of approximately 3.31 points on the dietary diversity scale. As a child ages,
especially through their adolescence, they are not only able to experience different types of
foods, but they are able to make informed decisions based on the nutritional knowledge they
have obtained not only from their parents, but from school, peers, and their communities as well
(Manganello, 2008). These broader options may not be available to younger children, whose
meal choices may be decided for them at school, by their parents with low nutritional
knowledge, or by others besides their parents with high nutritional knowledge. This may not
always mean that older children will choose to eat more diverse options, but they may have the
ability to do so if they choose.
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Child Race – These dummy variables compare being a non-Hispanic black person or
being in the other race category (Hispanic, Asian or Pacific Islander, American Indian or
Alaskan Native, or Other) to being in the reference category non-Hispanic white. Being in the
non-Hispanic black group has a statistically significant negative association with a child’s dietary
diversity score in the final model (Model 5). That is, on average a black child will have a score
that is 1.5 points lower than that of a child who is non-Hispanic white, holding all else equal.
Being in the ‘other race’ category does not have a significant association with a child’s dietary
diversity score as compared to non-Hispanic whites.
Parental Marital Status –Having a two-parent household versus a single parent household
is an indicator of the possibility for more resources including time and money. These resources
are valuable, especially when considering factors like nutrition, where meals that a child is eating
can come solely from a parent. In this case, however, the single parent indicators ‘never married’
as well as ‘separated, divorced, or widowed’ have different results. Never married parents have a
consistently positive coefficient for their average association on child dietary diversity, while
those who have a parent who has been separated, divorced, or widowed have no association
across the models. Those who have a parent who was never married do have a significantly
positive association with a child’s dietary diversity score at the .10 level.
Urbanicity (Urban-Rural Status) – As compared to living in a rural area, living in either
an urban area or a suburban area did not make a significant difference in a child’s dietary
diversity. Though there are ways in which those in urban populations may have more access to
diverse foods through more diverse ethnic populations and closer proximity to food selling
establishments, urban residents also rely more on walking and public transportation, which may
make obtaining fresh foods from grocery stores more difficult. This measure may not be sharp
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enough for this model, where a neighborhood level indicator of location may be necessary to
pick up on the nuances of urbanicity.
Socioeconomic Independent Variables
Logged Total Family Income – The logged value of total family income is statistically
significant at the .01 level and has a coefficient of .484 in Model 5. Based on the distribution of
logged total family income in 2002, which has a mean value of 10.65 and a standard deviation of
5.00, an increase of one standard deviation is equal to a higher dietary diversity score of 2.42
points on average or approximately 5.8 percent of the total dietary diversity scale. This agrees
with the literature which states that those with higher incomes tend to have better diets (Darmon
& Drewnowski, 2008).
Parental Educational Attainment – Having parents whose highest level attained
education is a high school education, some college, a college degree, some graduate work, or a
graduate or professional degree beyond college, is compared with having parents whose highest
level of education is less than high school These variables are not significant in any of the
models.
As can be seen in Table 4.23, by looking at the linear regression results where only
parental education is considered with the same dependent variable, ‘Child Dietary Diversity’,
each level of education is not only statistically significant, but larger in scale as well. This is to
be expected, since no other factors are being controlled for, but once parental ‘diet disease
score’ is added to the model the coefficients for parental educational attainment all decrease,
leaving only parents who have a college education or higher statistically significant at the .05
level. Higher levels of education are associated with higher dietary diversity scores for children
in all categories, though the type of education may be working through different channels in
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terms of whether the education is directly about nutrition or if it is connected to socioeconomic
status and diet quality (Darmon & Drewnowski, 2008).
Table 4.23 - Linear Regression Results – Child’s Dietary Diversity
(Parental Education Variables)
Coefficient
Coefficient
(Standard Error)
(Standard Error)
Intercept
27.814***
26.098***
(0.525)
(0.665)
Parent High School
-0.094
-0.373
(0.715)
(0.737)
Parent High School Plus
1.529**
1.024
(0.667)
(0..710)
Parent College Plus
2.29***
1.573**
(0.632)
(0.528)
Diet Disease Scale
0.544***
(0.177)
*** p< .01, ** p< .05, * p< .10 (based on t-statistics)

Number of Children in the Family Unit – Though this variable could fit into the
demographic category for family size, the purpose of it is to look at the impact of shared
resources. Having many children in the family unit, whether they are blood related or not, may
be a cause for a lack of the ability for diverse foods to be purchased for everyone in the family
unit. For this reason, with total family income and other variables being accounted for, the
expectation would be for dietary diversity to be negatively influenced by the rise in number of
children in the family unit. In this linear regression, however, there is not a statistically
significant association between number of children in the family unit and a child’s dietary
diversity score.
Government Assistance While Pregnant – Whether a mother received any type of
government assistance while pregnant does not hold statistical significance in either of the
models in which it is included. This variable was added as an indicator for lower income status
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while the child was in utero. The coefficient shows an insignificantly negative association with a
child’s dietary diversity score, and though the negative value is the hypothesized outcome, the
insignificance negates the association’s presence in the model.
Health Independent Variables
Child’s Physical Activity – Physical activity is used as an indicator of a healthy lifestyle,
especially when it is done outside of school. In this analysis, exercising one to seven times per
week lowers a child’s dietary diversity score in comparison to those who exercise eight to 14
times per week and those who do not exercise at all. This is significant at the .10 level.
Exercising eight to 14 times per week, or more than 30 minutes once a day, increases a child’s
dietary diversity score by 1.6 points and is statistically significant at the .01 level as compared
with those who exercise less, or not at all. This variable, however, may have its drawbacks in
terms of strength due to the fact that it is based on days spent doing physical activity instead of
time spent on specific activities, or more specific activity types. Though the physical activity
index could have room for refinement if more specific questions were available, the exercise
categories are all significantly different from one another, showing that the level of activity may
have an impact on overall health.
Child’s Sleep Status – Based on the guidelines from the National Sleep Foundation,
dummy variables were created to categorize those who did not sleep enough as compared to
those who did get the recommended amount of sleep or more. The children who reported
obtaining the recommended amount of sleep per night had a higher dietary diversity score of two
points on average. This is in comparison to those who reported receiving too little sleep
(approximately 16% of the sample) and those who reported receiving too much sleep (less than
1% of the sample). This corresponds to the literature on sleep and diet, where insufficient sleep is
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associated with increased food consumption and poor dietary habits (Chaput, 2014). It has also
been shown that those who sleep too little or too much, which is the reference group for this
analysis, have a higher tendency for eating snacks instead of meals which is also related to
greater levels of fat and sweets and lower intakes of fruits and vegetables (Kima, DeRooa, &
Sandler, 2011).
Parental Weight Status – Having a mother or a father who is overweight or obese is used
as an indicator of family health. Parents may not always eat exactly what they feed to their
children, but they share a household that likely is a place where at least some meals, snacks,
groceries, and beverages are consumed on a shared basis. Parental guidance is the crux of this
first set of analyses, and so having an overweight or obese parent may affect the diversity of diet
of the child (Garn & LaVelle, 1985). This is a factor that will be looked at in more depth in the
next set of analyses, since biological makeup is heritable, where dietary diversity is not
necessarily so. None of the coefficients for these variables is statistically significant.
Summary of Dietary Diversity Analysis Results
Considering a child’s dietary diversity as a continuous scale allows for each independent
variable to have an association that can be considered both separately and additively. The
statistically significant independent variables in this linear regression analysis were a parent’s
diet disease knowledge, a child’s age and race, logged total family income, reporting being
physically active as a child, and reporting obtaining the recommended amount of sleep. This is
not to say that the other factors do not matter in terms of the health and well-being of a child, but
they do not hold statistical significance in this particular model.
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Results – Child Weight Status in 2007 – Logistic Regression Models
This section begins with the results from the logistic regression discussed in Chapter 3.
The logistic regression analyses were performed in a sequence of five models, all with the
dependent variable ‘Child Obese 2007’ and are displayed in Table 4.24. This dichotomous
variable equals one if the child is obese and zero if not. Again, this includes children under the
age of 19 who have a BMI equal to or greater than the 95th percentile of the age-sex-specific
BMI charts of the Centers for Disease Control and Prevention (CDC) as well as young who have
a BMI score of 30.0 and higher. Model 1 included the key dependent variable of interest, which
is ‘Child Dietary Diversity Score’. This variable is implemented as a continuous variable which
ranges from zero to 42. From there, demographic independent variables were assessed in Model
2 including the child’s age, sex, race, parent’s marital status, and urbanicity. Model 3 added
familial socioeconomic variables, which focus on total family income (logged), parental
education, number of children in the household, as well as whether the family received any
government assistance while the mother was pregnant with the child. Moving forward to Model
4, both child and parental health factors are added in the form of a child’s physical activity and
sleep status as well as parental weight status. To conclude, a final model (Model 5) was run
which included only those variables which held statistical significance in previous models.
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Table 4.24 - Logistic Regression Analysis – Child Obese in 2007
Model 1
Diet Diversity

Model 2
Model 3
Model 4
Demographic
Socioeconomic
Health
Odds Ratio (95% Confidence Interval)
0.958***
0.963**
0.965**
0.961**
Child Dietary Diversity
(0. 93, 0.99)
(0.935, 0.991)
(0.936, .995)
(0.932, .992)
0.969
0.975
0.917*
Child Age
(0.884, 1.062)
(0.887, 1.072)
(0.836, 1.007)
Child Female
0.622***
0.604***
0.610***
(0.438, 0.882)
(0.425, .857)
(0.431, .863)
Child Black
1.704**
1.416
1.048
(1.094, 2.563)
(0.847, 2.368)
(0.688, 1.597)
Child Other Race
1.039
0.879
0.857
(0.645, 1.674)
(0.502, 1.539)
(0.487, 1.507)
Parent Never Married
1.529
1.38
1.919
(0.663, 3.527)
(0.570, 3.339)
(0.862, 4.274)
Parent Separated, Divorced, Widowed
1.471
1.433
2.214**
(0.871, 2.483)
(0.804, 2.555)
(1.188, 4.126)
Urban
1.128
1.184
1.239
(0.640, 1.990)
(0.676, 2.073)
(0.720, 2.133)
Suburban
1.772
1.873
2.188**
(0.762, 4.119)
(0.676, 2.073)
(1.023, 4.683)
Total Family Income (log)
1.024
1.050
(0.871, 1.205)
(0.903, 1.222)
Parent High School
1.023
0.995
(0.568, 1.843)
(0.549, 1.803)
Parent High School Plus
0.861
1.029
(0.499, 1.488)
(0.576, 1,837)
Parent College Plus
0.889
1.075
(0.407, 1.942)
(0.495, 2.334)
Number of Children in Family Unit
1.06
1.102
(0.883, 1.273)
(0.911, 1.331)
Government Assistance While Pregnant
1.462
1.534*
(0.913, 2.339)
(0.964, 2.442)
Exercise 1-7 Times Per Week
0.467***
(0.313, .698)
Exercise 8-14 Times Per Week
0.618**
(0.400, .955)
Recommended Amount of Sleep
1.600
(0.908, 2.819)
Father Overweight
1.284
(0.760, 2.171)
Father Obese
2.532***
(1.512, 4.240)
Mother Overweight
2.041***
(1.254, 3.323)
Mother Obese
4.103***
(2.378, 7.081)
Sample Size
1,407
1,407
1,407
*** p< .01, ** p< .05, * p< .10 (based on Wald Chi-Square Maximum Likelihood Estimates)

Model 5
Final Model
0.964**
(0.935, .993)
0.917*
(0.835, 1.008)
0.608***
(0.431, .859)

1.766
(0.886, 3.521)
2.018**
(1.179, 3.455)
1.213
(0.704, 2.090)
2.135*
(0.976, 4.668)

1.498*
(0.994, 2.257)
0.469***
(0.312, .706)
0.622**
(0.406, .952)

1.277
(0.764, 2.135)
2.467***
(1.428, 4.263)
2.024***
(1.279, 3.204
4.067***
(2.473, 6.687)
1,407
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Child Dietary Diversity – As the key independent variable of interest, a child’s dietary
diversity score was implemented as a continuous variable that ranged from zero to 42. It
remained statistically significant in all models and had an odds-ratio of .964 in the final model
with statistical significance at the .05 level. Since these odds-ratio estimates are not linear in
nature, Table 4.25 is used to illustrate the association that dietary diversity has on the odds of a
child being obese in 2007.
Table 4.25 - Dietary Diversity Odds-Ratio Estimates
by Sample Percentile
Sample
Dietary
Odds-Ratio
Percentile
Diversity Score
Estimate
100th
42
0.214
75th
34
0.287
50th
29
0.345
25th
24
0.415
0
0
1

Beginning with the largest possible estimate, an individual with a score of 42 in 2002
would have a 79 percent lower odds of being obese in 2007 as compared to an individual with a
score of zero, holding all else equal. This, however, is the most extreme case and unlikely to
arise since so few have the lowest score. An individual with a dietary diversity score of 42 in
2002 (100th percentile) has approximately half the odds of being obese in 2007 as someone with
a score of 24 (25th percentile). One last example from Table 4.25 shows that a decrease in dietary
diversity score of eight points in 2002, from the 100th percentile to the 75th percentile, is
associated with one-third higher odds of being obese in 2007 (from 0.214 to 0.287).
In each of these scenarios, a child’s higher dietary diversity score is associated with lower
odds of being obese five years later in a quantitative and statistically significant way. As will be
seen in the following sections, dietary diversity continues to be a statistically significant factor as
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exercise and parental obesity are added to the models, which have been shown to have important
associations with obesity prevention and risk respectively.
Demographic Independent Variables
Child Age – The odds-ratio for the continuous variable ‘Child Age’ is .917 and is
statistically significant at the .10 level; the older the child, the lower the odds of a child being
obese in 2007. To look further into the non-linear associations of age, three variables were
created to look at the younger (age 15-17), middle (18-20), and older groups (21-24) in the
sample. By isolating these variables in the analysis the continuous association is different from
the age group associations. Though age may have a statistically significant association in
lowering the odds of a child being obese in 2007, the age-only analysis, the results of which are
displayed in Table 4.26, show that this may only be the case for those in the middle age group, or
ages 18 to 20. As compared with those who are 18 to 20, those who are younger do see a 1.75
higher odds of being obese in 2007 which corresponds to the continuous result, but those who
are in the older group do not have a statistically significant difference from the middle age group.
So, though there does seem to be a decrease in the odds as a child ages beyond age 15 to 17, it
does not continue to follow the same pattern through age 24.
Table 4.26 - Logistic Regression Results – Child Obesity 2007
(child age variables only)
Age Group
Odds-Ratio
(reference = Age 18-20)
(95% Confidence Interval)
1.754**
Age 15-17
(1.09, 2.80)
1.334
Age 21-24
(0.87, 2.02)
*** p< .01, ** p< .05, * p< .10
(based on Wald Chi-Square Maximum Likelihood Estimates)
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Child Sex – ‘Child Female’ is a dummy variable where a value of one represents the
child being female. This variable has an odds ratio of .61 and is statistically significant at the .01
level, meaning that a female child has 39 percent lower odds of being obese in 2007 as compared
to a male. In the weighted sample, the overall incidence of obesity in 2007 is 16.86 percent,
where 20.30 percent of males are obese and 13.42 percent of females are obese. This is different
from the NHANES samples, where females and males under the age of 19 see approximately
equal rates of obesity (Ogden C. L., Carroll, Kit, & Flegal, 2014).
Child Race – Though being black has statistical significance in Model 2 at the .05 level, it
does not maintain the significance in any other model. With odds ratio values of 1.048 and .857
in Model 4 and a lack of statistical significance, neither being black nor other race (respectively)
has a significant association with obesity in 2007, nor are they statistically significantly different
from each other. In the weighted sample, 14.87 percent of non-black children are obese, while
26.93 percent of black children are obese. This is a stark difference, but one that is apparently
entirely accounted for when other factors are added to the model. When the race variables are the
only variables in the model, being black is associated with twice the odds of being obese in 2007
at the .01 significance level, but when parental weight status is added to the model this result is
no longer significant.
Though the race and sex variables show less significance than expected, when looked at
against the national estimates published by the CDC, the differences seem to be strongest among
the females. In Table 4.27, the weighted percentage of obese boys in both samples is equal for
‘All Races’ category, almost equal for ‘Non-Hispanic Whites’, and within a few percentage
points for ‘Non-Hispanic Blacks’. For girls, however, the differences are large in all three
categories, never smaller than a seven percentage point difference. By breaking the sample down
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in this way, it is possible to see that the non-Hispanic black children from the CDS do follow the
trend of girls being obese at higher rates than boys, however, this is not seen in the non-Hispanic
white category. When looking at the race and sex categories overall, the girls show the biggest
differences from the CDC estimates and also the most significant associations in the logistic
regression results.
Table 4.27 – Percent Obese by Race and Sex
CDS Children
CDC Report*
2007
2011-2012
15-24 Years Old
12-19 Years Old
All Races
16.86%
All
20.30%
Boys
13.42%
Girls
Non-Hispanic White
14.29%
All
18.01%
Boys
10.60%
Girls
Non-Hispanic Black
26.93%
All
24.34%
Boys
30.05%
Girls
*results only reported to one decimal place
(Ogden C. L., Carroll, Kit, & Flegal, 2014)

20.5%
20.3%
20.7%
19.6%
18.3%
20.9%
22.1%
21.4%
22.7%

Parental Marital Status – Having a parent who was never married yields an odds ratio of
1.77 that is not statistically significant. Those who are from a single parent household that was
once a two-parent household, namely parents who are separated, divorced, or widowed have an
odds ratio of 2.02 that is statistically significant at the .05 level. These marital status variables
are compared to a reference category of children in married households in 2002 and they are not
statistically significantly different from one another. Children who are in single parent
households are more likely to be obese, though being in a never married household loses its
significance in the final model, where there is one primary provider for the child(ren) for whom,
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all else equal, there are fewer resources to share. This is consistent with research that has shown
that marital separation and divorce during childhood are detrimental to health throughout the life
course (Friedman & Martin, 2011).
Urbanicity (Urban-Rural Status) – As compared to living in a rural area, living in a
suburban area is associated with more than double the odds of a child being obese in 2007 at the
.10 level. In this instance, living in a suburban area is also significantly different from living in
an urban area, where those in an urban area have a 43 percent lower odds of being obese as
compared to those in a suburban area, which is significant at the .10 level. This fits with the
existing literature that connects suburban living with more sedentary lifestyles due to a lack of
public transportation and walking, with a focus on driving.
Socioeconomic Independent Variables
Total Family Income – In the United States childhood overweight and obesity is often
seen throughout all levels of socioeconomic strata (Koplan, Liverman, & Kraak, 2005). More
specific expenditure data on food or other specific items may be necessary to decipher what parts
of income are significant in impacting childhood overweight and obesity.
Parental Educational Attainment – Three measures of parental educational attainment
were used in this analysis. Binary measures of the highest level of parental education categorize
whether they have a high school education, some college, or a college education or higher, and
they compared with the reference group, which includes any education level lower than high
school. None of the parental education variables is statistically significant.
Government Assistance While Pregnant – This variable equals one if a mother reported
receiving any government assistance while she was pregnant with the child. With an odds-ratio
of 1.50 it is statistically significant at the .05 level. Though current ‘total family income’ was not
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statistically significant in this analysis, receiving government help while pregnant with the child
resulted in significantly higher odds of the child being obese when they are age 15 to 24 years
old. This indicator of low income in very early life touches on the concepts discussed in Chapter
2, where the conditions in the earliest time periods of life can still have significant associations
later in life (Elder, 1985).
Health Independent Variables
Child Physical Activity – Physical activity is a logical indicator when thinking of the
equation for weight outcomes, since body weight is a function of energy intake (calories in) and
energy expenditure (calories out) (Dietz & Robinson, 2005). In this analysis, exercising one to
seven times per week lowers a child’s odds of being obese in 2007 by more than one half in
comparison to those who do not exercise at all. This is significant at the .01 level. Exercising
eight to 14 times per week, or more than 30 minutes once a day, lowers a child’s odds of being
obese in 2007 by over one third and is statistically significant at the .05 level as compared with
those who do not report exercising.
Those who exercise vigorously that frequently are also more likely to obtain muscle
mass. Though these measures of exercise do not capture muscle building activities specifically, it
is possible that the children who are exercising more than once a day as children have stayed
active as adolescents and young adults. This is important, because the Body Mass Index is
unable to discern between weight as muscle or fat. Since muscle is heavier than fat, a person may
have a high BMI score when they are in fact physically fit due to their increased muscle mass
(Willett, Dietz, & Colditz, 1999). Though they are different, the odds-ratio estimates for
exercising one to seven times and eight to 14 times per week are not statistically different from
each other.
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Sleep Status – Though short sleep duration has been associated with an increased risk of
obesity in both children and adults (Cappuccio, et al., 2008), the odds-ratio was not statistically
significant in Model 4 of the logistic regression. When added as the only variable in the logistic
regression it remained insignificant, as did the variable ‘Too Little Sleep’.
Parental Weight Status – Having a father who is overweight as opposed to the reference
category of normal weight (or underweight which accounts for less than 1% of fathers and about
3% of mothers in the sample) yields a statistically insignificant odds ratio for the child being
overweight or obese.
The most quantitatively and statistically significant variables for a child obese in these
models are having a mother who is overweight or obese, or a father who is obese. Having a
father who is obese is statistically significant at the .0001 level and has an odds ratio of 2.47,
while having a mother who is obese is also statistically significant at the .0001 level and has an
odds ratio of 4.07. These factors increase the odds of a child being overweight or obese by 147
percent and 307 percent, respectively. These familial ties with respect to heritability not only to
the biological predisposition towards overweight and obesity, but also the health behaviors that
lead to it, are well documented (Whitaker, Wright, Pepe, Seidel, & Dietz, 1997; Davis,
McGonagle, Schoeni, & Stafford, 2008). In fact, it has been found that obese children who are in
families with obese parents are more at risk of becoming obese adults as compared to obese
children whose parents are not obese (Garn & LaVelle, 1985; Davis, McGonagle, Schoeni, &
Stafford, 2008).
Summary of Child Overweight or Obesity Analysis Results
A child who is overweight or obese during childhood is more likely to be an obese adult
(Whitaker, Wright, Pepe, Seidel, & Dietz, 1997; Garn & LaVelle, 1985). These children are also
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seeing adverse health outcomes at earlier ages as well as shorter life expectancies (Koplan,
Liverman, & Kraak, 2005). Early interventions are often discussed as the best way to prevent
health risks as well as obesity in adulthood and its consequences (Summerbell, Waters,
Edmunds, Kelly, Brown, & Campbell, 2009). In this chapter, more diverse diets were shown to
be associated with a lower odds of a child being obese as compared to diets with lower diversity.
This held through all models, showing that it was not a proxy for a demographic, socioeconomic,
or health variables. Having a high level of dietary diversity translates roughly into eating a
majority of the food groups a majority of the time, and decreases the odds of a child being obese,
holding all else held equal. Having a diverse diet is something that is being promoted, but the
factors by which it is implemented to a child are still being researched.
These results show that parents matter. Their family structure, educational attainment,
and diet disease knowledge all play a part in the dietary diversity of their children. It may not be
enough to simply know about which foods are good for you, but rather the complexities of how
the different components of food are associated with the risks of disease (Frazão, 1999). The
intergenerational connection between parents and children during this point in their life course is
critical. As these children and adolescents grow into adulthood their choices will become more
autonomous until they are the ones teaching their own children about diet and nutrition. In the
next chapter, some of these parents will be included in the sample as adults; being followed over
a span of nearly 30 years in order to investigate how years of obesity takes a toll on the body
through the outcomes of health conditions and mortality.
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Chapter 5 –Chronic Obesity, Health Conditions, and Mortality
Background
Between 1980 and 2002 the prevalence of obesity doubled in adults aged 20 years and
older and in 2002 over 65 percent of adults in the United States were overweight and over 30
percent were obese (Ogden C. , et al., 2006). At the time of the 2013 PSID interview, 70 percent
of adults in the United States were overweight and over 35 percent were obese ( National Center
for Health Statistics, 2015). The rise in obesity over the past three decades has been dramatic, so
much so that the Surgeon General predicted that obesity may surpass cigarette smoking as the
leading cause of morbidity and mortality in the United States (United States Department of
Health and Human Services, Office of the Surgeon General, 2001). Though this prediction has
yet to come to fruition, the problems individuals face as the consequences of obesity are severe.
As was mentioned in Chapter 1, the number of estimated deaths attributable to high Body
Mass Index (BMI) increased 1.7-fold worldwide, from 1.96 million to 3.37 million, and BMI
was among the top five risk factors for global burden of disease (Lim, et al., 2012). In the United
States, an estimated 280,000 to 325,000 deaths were caused by obesity in 1999, and more than
80 percent of those deaths were among individuals with a BMI greater than 30.0, (Allison,
Fontaine, Manson, Stevens, & VanItallie, 1999). In more recent years, as obesity has become
more common and medical science has begun to treat obese individuals successfully, studies
have shown mixed results as to whether obesity’s association with morbidity and mortality is
getting stronger or weaker over time. One study found that for adults over the age of 55, only
higher levels of obesity (BMI greater than 35) were found to be associated with an increased risk
of mortality, while overweight and lower levels of obesity did not have an association with
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mortality (Mehta & Chang, 2009). Other studies, however, have found obesity to be associated
with higher risks of all-cause mortality, even when covariates including age, physical activity,
alcohol consumption, education, and marital status were included in the models (BerringtondeGonzalez, et al., 2010).
With medical and public health advances including clean water, vaccinations, prenatal
care, and antibiotics, life expectancies have doubled in the last 150 years by dramatically
decreasing infant mortality, deaths due to bacterial infections, as well as preventing widespread
epidemics due to communicable diseases (Riley J. C., 2001). More recently, especially in
developed countries like the United States where the incremental extensions in lifespan have
been attributed to those in the aging population, many studies have focused on samples of the
elderly (Olshansky & Carnes, 2001). In studies researching the elderly, measurements of risky
health behaviors such as drinking, smoking, sedentary life-styles, poor nutrition, income, and
years of education are often investigated to better understand their associations with health
conditions and mortality (Kuh & Ben-Shlomo, 2004).
Since the rise in obesity in over the past 30 years, a strong effort has been made to
decipher how that change is impacting the consistent gains in life expectancy that have been
realized year after year (Cao, 2015; Flegel, Graubard, Williamson, & Cooper, 2011; Tayback,
Kumanyika, & Chee, 1990). During the beginning of the obesity rise, Tayback et al. (1990)
found that obesity increased the risk of mortality in the elderly, but overweight status did not.
Twenty years later, Flegel et al. (2011) found that in many studies reverse causation due to
illness-related weight loss was an increasing problem for claims of a causal link between obesity
and higher rates of mortality, while Lantz et al. (2010) found protective associations for
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individuals over the age of 55 between mortality and having a BMI score between 25 and 35,
which corresponds, to being overweight to slightly obese.
Obesity is not a static measure for individuals throughout their life course, or for
populations over time, so following individuals as well as trends over time is important (Mehta,
et al., 2014). A recent study using the Health and Retirement Study (HRS) has taken a step to do
just that and found that long-term obesity in the elderly has been found to increase the risk of
mortality using a dynamic causal model (Cao, 2015). Cao states, however, that due to the study’s
sample age being above age 55 and not having retrospective questions asking for height and
weight, it was “impossible to investigate the mortality risk of younger age obesity” (Cao, 2015,
p. 11). This chapter not only investigates long-term, “chronic”, obesity, but it does so in the nonelderly adult age group where prospective measures of height and weight are used to calculate
the multiple measures of BMI.
Obese individuals are more likely to have several medical conditions that will be looked
at in this chapter including stroke, type 2 diabetes, and cardiovascular disease (Mehta, et al.,
2014). Despite the medical advances in treating these obesity related health conditions, the
burden of obesity still appears to be increasing (Jia & Lubetkin, 2010). Though some studies
have been able to observe obesity in adults under age 65 and its associations with health
conditions and mortality, none has been able to do this with a nationally representative panel
sample of U.S. adults with a longitudinal measure of obesity and covariates controlling for static
and dynamic demographic, socioeconomic, as well as physical and behavioral health factors.
One study followed individuals over 26 years and found that obesity was associated with
a higher risk of fatal cardiovascular disease for non-Hispanic white, female, non-smokers from a
sample of 12,576 California Seventh-day Adventists (Singh & Lindsted, 1998). Another used
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repeated measures of BMI and found that obese men at their baseline time point had a 10 percent
higher mortality and disability risk than normal weight men; however, this study only included
working aged men in the construction industry in Würtemberg, Germany (Claessen, Brenner,
Drath, & Arndt, 2012). A third prospective study concluded that obesity was strongly associated
with an increased risk of death in both men and women while controlling for many factors
including age, race/ethnicity, education, smoking status, alcohol consumption, physical activity,
presence of chronic disease, but only a cross-sectional measure of BMI was used to measure
obesity (Adams, et al., 2006). A 1998 study utilized data from the PSID’s 1990 health
questionnaire and showed that BMI was a significant factor for increasing the risk of mortality,
even controlling for smoking, but with a cross-sectional measure of BMI, a short follow-up
period of only four years, and a sample of only women, there is much more to be considered 15
years later (Fontaine, Heo, Cheskin, & Allison, 1998).
Moving forward from the limitations of previous studies, whether they consisted of a
restricted sample, insufficient cross-sectional measures, limited covariates, lack of consistent
follow-up, or if they were simply outdated, there has been a recent call for a comprehensive
study of younger adults to be investigated:
The predictive success of all of our duration models suggests that obesity in early
adulthood is an important risk factor for mortality above age 50. Such results imply that,
even if the upsurge in obesity prevalence were suddenly reversed, considerable damage
has already been done among younger cohorts. Increased attention should clearly be
placed on reducing the incidence of obesity at young adult ages (Preston, Mehta, &
Stokes, 2013).
The analyses that follow seek to do just that. By starting with the U.S. nationally representative
sample of men and women aged 18 to 52 in 1986 from the Panel Study of Income Dynamics, a
27-year timespan will be covered in these individuals’ lives. Not only will a longitudinal
measure of ‘Chronic Obesity’ be constructed, but covariates including age, sex, race, marital
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status, income, educational attainment, number of children, health status, smoking status,
physical activity, and insurance status will be controlled for. Starting in 1999, and every two
years until the most recent wave of data in 2013, the panel was reinterviewed and the dynamic
variables were collected again.
As stated in Chapter 3, the associations between ‘Chronic Obesity’ and mortality will be
considered, as well the associations between ‘Chronic Obesity’ and four health condition groups
– ‘Asthma’, ‘Diabetes’, ‘Stroke/Heart Attack’, and ‘Hypertension.’ Obesity increases the risks of
each of these health conditions and each of them has deleterious effects on an individual’s health
(WHO, 2003; Mozaffarian, et al., 2015; Centers for Disease Control and Prevention; American
Public Health Association, 2009; Frazão, 1999; Tuomilehto, et al., 2001). By taking a life course
approach to this outstanding problem it will be possible not only to see how those in the ‘Chronic
Obesity’ category compare to those who are in other weight status categories , but also which
demographic, socioeconomic, and health factors are associated with reducing the incidence of
obesity for individuals in the United States.
Constructed Variables
The data were downloaded from the PSID’s Online Data Center and were arithmetically
transformed in several ways. The process for the construction of all dependent and independent
variables is described in the following section. These variables will be explained in the order in
which they appear in Table 5.1, which displays basic descriptive statistics for each independent
variable in the full sample, as well as whether they are static or dynamic in the survival analyses
that follow.
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Table 5.1 - Descriptive Statistics – Full Sample
Variable Name
Percent/Mean Variable Type
Weight Status
Chronic Obesity
9.0%
Never Obese
76.5%
Static
Obese 1986 & Not Obese 1999
2.5%
Not Obese 1986 & Obese 1999
12.0%
Mean Age
54.3
Dynamic
Sex
Female
54.5%
Static
Male
45.5%
Race
White
89.7%
Static
Black
8.9%
Other Race
1.4%
Marital Status
Married
70.7%
Dynamic
Separated, Widowed, Divorced
22.2%
Never Married
7.1%
Income (Deflated to 1999 Dollars)
Dynamic
Total Family Income
$75,139
Educational Attainment
Less Than High School
9.8%
Dynamic
High School Plus
59.5%
College Plus
30.7%
Number of Children in Household
0.5
Dynamic
Self-Reported Health During Childhood
Child Health Status Excellent
49.9%
Child Health Status Very Good
28.9%
Child Health Status Good
16.0%
Static
Child Health Status Fair
2.4%
Child Health Status Poor
1.0%
Child Health Status Not Available
1.8%
Smoking Status
Never Smoked Cigarettes
47.6%
Dynamic
Former Smoker
33.7%
Current Smoker
18.7%
Physical Activity
No Light Physical Activity
39.8%
Some Light Physical Activity
36.0%
Frequent Light Physical Activity
24.2%
Dynamic
No Vigorous Physical Activity
43.0%
Some Vigorous Physical Activity
32.5%
Frequent Vigorous Physical Activity
24.5%
Insurance Status
Insured Past 2 Years
91.1%
Dynamic
Not Consistently Insured Past 2 Years
8.9%
Sample Totals (unweighted)
Total Sample Size
30,009
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Weight Status
The PSID’s interview collects height (in feet and inches) and weight (in pounds), which
are self-reported in the interview and are used to construct a continuous measure of Body Mass
Index (BMI). The formula for calculating BMI is dividing weight in pounds (lbs) by height in
inches (in) squared and multiplying by a conversion factor of 703.
𝐵𝑀𝐼= 𝑊𝑒𝑖𝑔ℎ𝑡 (lb) * 703
Height (in)2
Weight status is then expressed in terms of categories, according to cutoffs defined by the
Centers for Disease Control and Prevention as to which BMI ranges that are considered
underweight, normal weight, overweight, and obese ( National Center for Health Statistics,
2015). The standard weight status categories associated with BMI ranges for adults are shown in
Table 5.2.
Table 5.2 - Weight Status Definitions by
Body Mass Index Range
BMI Range
Weight Status
Below 18.5
Underweight
18.5 – 24.9
Normal
25.0 – 29.9
Overweight
30.0 and Above Obese

Once BMI has been calculated for those in 1986 and 1999, dummy variables are created
to indicate the individuals who are obese (BMI 30.0 and above) in both years. The individuals
are then grouped into the following categories; ‘Not Obese 1986 or 1999’, ‘Not Obese 1986 &
Obese 1999’, ‘Obese 1986 & Not Obese 1999’, and ‘Chronic Obesity’ which is defined as being
obese in both 1986 and 1999.The distribution of the weight status variables can be seen in Table
5.3.
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Table 5.3 - Weight Status Variables
(percent of sample – weighted)
Variable
Percent
Not Obese 1986 or 1999
76.53
Obese 1986 & Not Obese 1999
2.48
Not Obese 1986 & Obese 1999
12.00
Chronic Obesity
8.99

Demographic Variables
Except for age, the demographic variables included in these analyses are collected as
categorical variables and are reconstructed as dummy variables.
Age – Age is controlled for by a continuous measure based on birth date records released
as age at the time of the interview (in years). It is located on the individual-level file and is
dynamic, being updated each wave from 1986-2013. Age is restricted to 18-52 in 1986 in order
for the second measure of BMI to be captured for individuals under age 65 in 1999. These
individuals are followed through 2013, where they are between the ages of 45 and 79, covering
up to 27 years of their lives if they do not become censored out of the sample due to the report of
a health condition or death. As is widely covered in the literature, as a person ages, their
exposure to health conditions, risk of death, and accumulation of health behavior outcomes rise,
increasing the likelihood of the onset of health conditions and ultimately mortality (Suzman,
Willis, & Manton, 1992; O'Rand, 1996).
Sex – An individual’s sex is constructed from the individual-level file variable ER32000
‘Sex of Individual’. The dummy variable for ‘female’ equals one if the individual is female and
zero if the individual is male. In previous studies, women have been found to have longer life
expectancies (Riley J. C., 2001).
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Race – Race is a static variable that is taken from the 1999 self-reports from heads and
wives/“wives” and is defined by the first mention of three mentions given. The categorical
options were (1) White non-Hispanic, (2) Black non-Hispanic, (3) Hispanic, (4) Asian or Pacific
Islander, (5) American Indian or Alaskan Native, or (7) Other. Due to the small sample sizes of
the groups other than ‘White non-Hispanic’ and ‘Black non-Hispanic’, race is combined into
three dummy variables: ‘White’, ‘Black’, or ‘Other Race’. There is an oversampling of blacks in
the sample, however, the sampling weights account for this in the models. As compared to nonHispanic Whites, non-Hispanic Blacks have been found to have shorter life expectancies, as well
as having a higher incidence of type 2 diabetes and heart disease (Xu, Murphy, Kochanek, &
Bastian, 2016). Testing these three categories in the models will allow for these racial
characteristics to be examined.
Marital Status – Marital status comes from the family-level interview and is asked of the
head of household. This variable is dynamic, and accounts for changes in marital status for each
wave of data collection. The marital status categories are - (1) Married or permanently
cohabiting; (2) Single, never legally married; (3) Widowed and no wife/"wife"; (4) Divorced and
no wife/"wife" or (5) Separated; legally married but no wife, "wife," or husband is present in the
family unit. These categories have been combined into three dummy variables – ‘Married’ (1),
‘Never Married’ (2), or ‘Separated, Widowed, or Divorced’ (3, 4, and 5). Non-married
individuals have been shown to have increased risk for mortality as compared to their married
counterparts across sex, race, and age (Johnson, Backlund, Sorlie, & Loveless, 2000).

94

Socioeconomic Status Variables
Except for total family income and number of children, the socioeconomic variables
included in these analyses are reconstructed as dummy variables. Each is explained in the
following section.
Total Family Income (logged) – ‘Total Family Income’ is generated internally by the data
processing team at the PSID and is the sum of the following variables – (1) Taxable Income of
Head and Wife/"Wife", (2) Transfer Income of Head and Wife/"Wife", (3) Taxable Income of
Other Family Unit Members (OFUMs), (4) Transfer Income of OFUMs, and (5) Social Security
Income. This variable can include negative values, since the components of head and
wife/“wife’s” taxable income includes net profits from farms or businesses. If negative, this debt
can offset all other positive values and total family income can be negative (Duffy, 2011). This
variable is dynamic and is computed for each wave and has been reconstructed as follows.
The continuous measure of ‘Total Family Income’ was deflated to 1999 dollars for all
years using the Bureau of Labor Statistics’ Consumer Price Index Inflation Calculator (Bureau of
Labor Statistics, 2015). In order to obtain defined values for the logged measure, all negative
values were set to $1 (n=32, 0.10% of the sample) as well as all values of zero (n=235, 0.78% of
the sample). The natural log of this form of ‘Total Family Income’ was then taken, in order to
account for the right skew of the distribution. Previous studies have found that higher levels of
income are associated with lower rates of health conditions and mortality due to better access to
resources in the form of health care, nutrition, and general standards of living (Lantz, et al.,
1998; Nandi, Glymour, & Subramanian, 2014).
Educational Attainment – This variable is based on the individual-level variable ‘Years of
Completed Education’ and has values in the range of 1-17. Values of 1-16 represent the actual
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grade of school completed; e.g., a value of 8 indicates that the individual completed the eighth
grade. It is top-coded at 17, where a code value of 17 indicates that the individual completed
college and at least some postgraduate work. A one-unit increase in education, however, does not
follow a linear pattern, since some years of education indicate a completed degree and others are
a more simple progression from one grade to the next. The variable ‘Years of Completed
Education’ is dynamic, meaning that it is updated if an individual states that they are in school.
As seen in chart 5.1, there is a large peak at 12 years of education (high school) and a
smaller peak at 16 years (college). Also, substantively, an increase in one year from five to six
years of education is not equal to the increase of one year of education from 11 to 12 years of
education where high school is completed and a degree is obtained. For these reasons,
educational attainment has been restructured into four dummy variables – Less Than High
School (0-11 years of education), High School (12 years of education), High School Plus (13-15
years of education), and College Plus (16-17 years of education). As is the case with income,
higher levels of education are associated with lower risks of health conditions and mortality.
Though higher levels of education are often linked to higher levels of income, all-cause and
cause-specific death rates are separately associated with education, which is a finding that will be
examined in the following analyses (Steenland, Henley, & Thun, 2002).
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Chart 5.1 Completed Years of Education
(full sample - weighted)
40

Percent

30

20

10

0
1

2

3

4

5

6

7

8

9

10

11

12

Years of Completed Education

13

14

15

16

17

Number of Children – Number of children represents the number of children under age
18 in the Family Unit as of the interview. These children are not required to be the biological
children of the head and wife/“wife”. Though there are other variables that could approximate
family size, this variable was chosen as a proxy to estimate the number of children who were
competing for resources in the household at the time of the interview. Though there may be other
adult children, this variable takes into account all persons under the age of 18 who are not only in
the ‘Household Unit’, but considered to be a part of the ‘Family Unit’.
Physical Health and Health Behavior Variables
The health variables included in these analyses are collected as continuous and
categorical variables and are reconstructed in several different ways. Their transformations are
explained in terms of their substantive use.
Childhood Health Status – In order to collect information on general health status for
these individuals as children, childhood health status was retrospectively reported in 1999.
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Health status in childhood is often a precursor to health as an adult, as many conditions that
begin in childhood continue throughout the life course (Hayward & Gorman, 2004). This selfrated general health status question asked the following –
“Consider your health while you were growing up, before you were 17 years old. Would
you say that your health during that time was excellent, very good, good, fair, or
poor?”
These retrospective reports have been analyzed and found to be reliable by comparing the
measures with similar outcomes as were found the Health and Retirement Study across time,
assessing validity by evaluating retrospective self-reported health against objective measures of
low birthweight, and testing the anchoring effect of current health status and retrospective health
status which occurred in a minority of cases (Hass, 2007). About half of the sample reported
being in excellent health during their childhood, while only about one percent reported being in
poor health. Due to the trivial proportion in the “poor” category, the categories for fair and poor
health were combined; good health was left as its own category, and both were compared with
the reference categories of very good and excellent health.
Table 5.4 - Childhood Health Status
(full sample - weighted)
Category
Percent
Excellent
51.99%
Very Good
29.50%
Good
14.97%
Fair
2.60%
Poor
0.94%
Smoking Status – The smoking status variables were taken from a series of questions that
were asked of heads and wives in each wave, creating dynamic variables that change based on
the current smoking behaviors of the individuals. Utilizing the variable ‘Whether Ever Smoked,’
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the binary variable ‘Never Smoker’ was created and compared to former smokers and those who
currently smoke. Since smoking is associated with higher mortality rates, asthma, and
cardiovascular disease, abstaining from smoking is seen as a healthy behavior that will be
associated with lower rates of mortality and adverse health conditions (Lantz, Golberstein,
House, & Morenoff, 2010; Centers for Disease Control and Prevention; American Public Health
Association, 2009).
Physical Activity – Both light and vigorous physical activity are accounted for in this set
of analyses, as they have both been shown to be beneficial to an individual’s health in previous
research (Paffenbarger, Wing, Hyde, & Jung, 1983). Questions were asked in the following way:
“How often do you participate in light physical activity -- such as walking, dancing,
gardening, golfing, bowling, etc.? NUMBER OF TIMES”
“How often do you participate in vigorous physical activity or sports--such as heavy
housework, aerobics, running, swimming, or bicycling? NUMBER OF TIMES”
The questions are asked in terms of the number of times they participate in these activities and
they are then asked for a time unit associated with the activities including per day, week, month,
or year.
These raw variables were first transformed to refer to a common time unit, namely times
per week. Once that was completed the distributions of both light and vigorous physical activity
were examined. Over 40 percent of the unweighted sample reported participating in zero light
physical activities, while over 44 percent of the unweighted sample reported participating in zero
vigorous physical activities. Those reporting zero activity made up the categorical variables ‘No
Light Activity’ and ‘No Vigorous Activity’. After looking at the quartile ranges, the 75th
percentiles for light and vigorous activity were used to further differentiate ‘some’ activity per
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week from ‘frequent’ activity per week (5 times per week 4 times per week respectively). In the
analyses that follow ‘Some Light Physical Activity’ and ‘Frequent Light Physical Activity’ will
be compared with the reference category of ‘No Light Physical Activity, and ‘Some Vigorous
Physical Activity’ and ‘Frequent Vigorous Physical Activity’ will be compared with the
reference category of ‘No Vigorous Physical Activity’.
Insurance Status – The insurance variable has been created from two family-level
variables which total how many months over the past year, and over the year before last the
individual had health insurance. These values range from zero to twelve, where twelve months
accounts for a full year of insurance coverage. The majority of these individuals were insured for
the entire period (79.28% of the sample), while a small portion had coverage between 1 and 23
months (2.02% of the sample), and the remainder had no insurance coverage for the full 24
month period (18.70% of the sample). Due to this distribution of the sample, a dummy variable
was created that equals one if the individual was covered by health insurance for the entire 24
month time period, and zero if not. This information was collected every wave between 1999 and
2013. This variable is included in the following analyses, because those with health insurance
may be more likely to go to the doctor. This is important, because they may be more likely to get
preventative care, but they may also be more likely to be diagnosed with a health condition.
Dependent Variables – Health Conditions and Mortality
Though the health conditions are listed as four groups, there are more than four
conditions in these groups. This is important to note, because the names of the condition groups
themselves do not explain the entirety of what the health conditions entail. They come from a list
of physical health questions that were asked starting in 1999 and have been collected in each
wave since. The question wording is as follows:
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“Has a doctor or health professional ever told you that you have had ____?”
1) A stroke?
2) A heart attack?
3) Coronary heart disease, angina, or congestive heart failure?
4) High blood pressure or hypertension?
5) Asthma?
6) Diabetes or high blood sugar?
The choices for health conditions are then read aloud and marked. It is certainly possible
that an individual has a health condition that has not been diagnosed yet, but that would put the
bias on underreporting and not over reporting, so the results would be smaller than the actual
population prevalence.
As briefly discussed in Chapter 3, ‘Asthma’ is in a category of its own, and by 2013,
21.88 percent of the asthma-free sample in 1999 been diagnosed with asthma. The ‘Diabetes’
category includes those with diabetes and high blood sugar and 16.48 percent of the sample was
diagnosed with either of the health issues by the end of the period. ‘Stroke/Heart Attack’
includes the categories of coronary heart disease, angina, congestive heart failure, stroke, and
heart attack; 55.83 percent of the sample developed these conditions after 1999. The final group,
‘Hypertension’, includes those who have had a doctor or health professional tell them that they
have high blood pressure or hypertension. This group included 23.23 percent of the sample who
started in 1999 without the health condition and reported being diagnosed with it at some point
between 2001 and 2013.
The mortality sample consists of 4,287 individuals over at least 13 years and at most 27
years. An individual is defined as dead through the variable ‘Why Non-response’, where a value
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of 41 reflects that the individual died between the previous interview and the current wave.
Though other studies often have issues with loss to follow-up after the death of a survey
participant, the PSID’s genealogic design allows other family members to be contacted in order
to confirm the death of the individual. Upon the death of an individual, and exit interview is also
completed by a living family member or proxy respondent. Much of this information is available
under restricted data contract. A total of 353 individuals died between the years of 2001 in 2013,
for a total of 8.23 percent of the mortality sample. Mortality is also used as a competing risk in
the estimated multivariate competing-risks proportional hazard models of health condition
diagnosis.
Results - Health Conditions – Cumulative Integrated Hazard Models
By comparing the full sample (mortality sample) with those who were ever diagnosed
with any of the defined health conditions, the health condition sample individuals are older by
about seven years, have a lower total family income of approximately $12,000, and are more
likely to be chronically obese on average. These values differ slightly by health condition, but
the trends are the same for each group.
In Table 5.5, weight status, sex, race, smoking status in 1999, childhood health status,
and physical activity are considered separately as binary variables in order to fit the needs of the
Nelson-Aalen Cumulative Integrated Hazard Models. The hazard ratios show the associations of
each variable with each health condition as well their corresponding 95 percent confidence
intervals, which are also displayed to show whether or not the binary value of one versus zero is
statistically significant at the .05 level. Each variable will be discussed in turn in connection with
the four separate health conditions. This is a first step in looking at the bivariate associations
between the main independent variables and the health conditions by wave between 1999 and
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2013. This method allows for the changes over time to be examined before the multivariate
models are produced.

Table 5.5 - Estimated Health Condition Prevalence by Key Variables
(Nelson-Aalen Cumulative Integrated Hazards)
Stroke/Heart
Attack

Asthma
Diabetes
Hypertension
Variables
HR
95% CI
HR
95% CI
HR
95% CI
HR
95% CI
Weight Status
Not Chronic Obese
1.00
1.00
1.00
1.00
Chronic Obese
3.70
(3.09, 4.43) 3.62 (2.89, 4.54)
2.05
(1.81, 2.32) 2.23 (1.76, 2.84)
Sex
Male
1.00
1.00
1.00
1.00
Female
0.98
(0.84, 1.15) 0.72 (0.60, 0.87)
0.98
(0.90, 1.07) 0.90 (0.76, 1.05)
Race
Not White
1.00
1.00
1.00
1.00
White
0.89
(0.75, 1.06) 1.26 (1.01, 1.58)
1.21
(1.09, 1.36) 0.77 (0.64, 0.93)
Smoking Status
Former, Current
Smoker
1.00
1.00
1.00
1.00
Never Smoker
0.84
(0.71, 0.98) 0.79 (0.66, 0.95)
1.05
(0.96, 1.15) 0.88 (0.75, 1.04)
Child Health Status
Excellent, Very
Good, or Good
1.00
1.00
1.00
1.00
Fair or Poor
1.27
(0.82, 1.96) 1.71 (1.16, 2.52)
1.59
(1.25, 2.02) 1.28 (0.85, 1.94)
Physical Activity
Some Activity
1.00
1.00
1.00
1.00
No Activity
1.52
(1.30, 1.79) 1.56 (1.30, 1.87)
1.07
(0.97, 1.17) 1.62 (1.38, 1.91)
Percent – Cumulative Percentage at t=14 (year 2013), HR – Hazard Ratio, CI – Confidence Interval

Weight Status
Weight Status – Being chronically obese is statistically significantly associated with allcause mortality in comparison to the reference group – not chronically obese. Those who are in
the chronically obese group have hazard ratios of 3.70, 3.62, 2.05, and 2.23 for being diagnosed
with the health conditions of asthma, diabetes, stroke/heart attack, and hypertension respectively
as compared to those who are not in the chronically obese group. Charts 5.2-5.5 show the
Nelson-Aalen cumulative hazard estimates throughout the entire analysis time period t=2-14
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which correspond to calendar years 2001-2013. The disparity for each health condition exists
from the beginning and expands over time.
Chart 5.2 Nelson-Aalen Estimates Asthma and Chronic Obesity

Chart 5.3 Nelson-Aalen Estimates Diabetes and Chronic Obesity
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Chart 5.4 Nelson-Aalen Estimates Stroke/Heart Attack & Chronic Obesity

Chart 5.5 Nelson-Aalen Estimates Hypertension and Chronic Obesity
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Demographic Variables
Sex – Being female does not show a significant difference from one in any of the
conditions with the exception of diabetes, where being female is associated with a 28 percent
reduction in the cumulative hazard of being diagnosed with diabetes.
Race – Race is transformed into a binary variable for this first exercise, where ‘nonHispanic white’ is compared to all other racial/ethnic categories. It does not have any association
with asthma, but being white is associated with a somewhat higher risk for diabetes and
stroke/heart attack (relative risks of 1.26 and 1.21, respectively). The strongest result is in the
category of hypertension, where being white has a relative risk of .77 as compared to all other
racial/ethnic groups, resulting in a 23 percent reduction in the cumulative hazard.
Physical Health and Health Behavior Variables
Smoking Status – A smoking status of ‘Never Smoker’ is added to this analysis as a
proxy for healthy habits. This variable is different from the time-varying version that is used in
proportional hazard models further in this chapter in that it is a static version of the individual’s
smoking status as of 1999. Here, abstaining from smoking, compared with being a current or
former smoker, is significantly associated with a decreased hazard of having either asthma or
diabetes (relative risks of 0.84 and 0.79, respectively). The association is not significant for
stroke/heart attack or hypertension, however, so there does not seem to be a difference between
those who have never smoked and current/former smokers with respect to the incidence of
stroke/heart attack or hypertension in this sample.
Childhood Health Status – Childhood health status was separated into two groups for this
portion of the analysis to compare those who reported fair or poor health with those with
excellent, very good, or good health. Those who were in the reported ‘worse’ health category all
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showed higher hazard rates of each of the four health conditions, but it was only statistically
significant for ‘Diabetes’ and ‘Stoke/Heart Attack’ groups with hazards of 1.71 and 1.59,
respectively.
Physical Activity – In order to dichotomize physical activity, the variable was configured
to compare those who did not report any physical activity versus those who did. This is looked at
in more detail in the multivariate analysis, but for this exercise, reporting no physical activity
increases the cumulative hazard ratio from 1.00 to approximately 1.50 for the ‘Asthma’,
‘Diabetes’, and ‘Hypertension’ groups and is statistically significant. This is not the case,
however, for the ‘Stroke/Heart Attack’ group, where the hazard ratio is not significant.
Summary
Overall, these cumulative hazard ratios give the first insight into how the key factors of
interest are associated with the health conditions. Many of them are associated in statistically
significant ways, but the question remains whether they will remain robust indicators when
added to the multivariate models.
Results - Health Conditions – Multivariate Competing-Risk Hazard Models
As discussed in Chapter 3, the second set of analyses estimate multivariate competingrisks proportional hazard models using each health condition sample separately (Allison, 1984;
Allison, 2010). Each of these four health condition sub-samples, ‘Asthma,’ ‘Diabetes,’
‘Stroke/Heart Attack,’ and ‘Hypertension’ uses death as a competing risk factor. Model 1
included weight status variables with ‘Not Obese in 1986 or 1999’ as the omitted variable.
Model 2 added age, sex, race, and marital status. Model 3 included logged total family income,
educational attainment, and number of children in the family unit, and Model 4 concluded with

107

the addition of childhood health status, smoking status, physical activity, and insurance status.
Table 5.6 summarizes the results of the full models (Model 4) for each of the four health
conditions. The tables for each health condition by Models 1-4 are available in Appendix B.
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Table 5.6 - Competing-Risk Cox Proportional Hazards for Health Condition Onset (1999-2013)
Stroke/
Asthma
Diabetes
Heart Attack
Hypertension
Hazard Ratio (95% Confidence Interval)
Chronic Obesity
4.083***
3.511***
2.152***
2.146***
(3.32, 5.02)
(2.73, 4.51)
(1.89, 2.45)
(1.67, 2.76)
Obese 1986 Not Obese 1999
4.482***
2.704***
2.521***
2.522***
(2.58, 7.79)
(1.40, 5.23)
(1.70, 3.74)
(1.43, 4.45)
Not Obese 1986 Obese 1999
2.642***
1.631***
1.814***
1.818***
(2.15, 3.25)
(1.26, 2.11)
(1.61, 2.05)
(1.44, 2.29)
Demographic
1.003***
1.007***
1.004***
1.009***
Age
(1.00, 1.00)
(1.01, 1.01)
(1.00, 1.00)
(1.01, 1.01)
1.043
0.715***
0.975
0.897
Female
(0.89, 1.22)
(0.59, 0.86)
(0.89, 1.07)
(0.76, 1.06)
1.277***
1.024
1.395***
1.528***
Black
(1.03, 1.59)
(0.76, 1.38)
(1.23, 1.58)
(1.22, 1.91)
1.615*
0.811
1.556**
1.514
Other Race
(0.97, 2.69)
(0.33, 2.01)
(1.07, 2.26)
(0.84, 2.72)
0.998
1.001
0.987
1.062
Never Married
(0.95, 1.05)
(0.95, 1.06)
(0.96, 1.02)
(0.98, 1.15)
0.987
1.014
1.000
1.000
Separated, Widowed, Divorced
(0.96, 1.01)
(0.98, 1.05)
(0.98, 1.02)
(0.96, 1.05)
Socioeconomic Status
0.999
0.997
0.999
0.999
Total Family Income (logged)
(0.99, 1.01)
(0.99, 1.01)
(0.99, 1.00)
(0.98, 1.01)
0.988
0.996
1.013
0.960
High School Plus Education
(0.96, 1.02)
(0.96, 1.03)
(0.99, 1.04)
(0.91, 1.01)
0.986
1.003
1.014
0.998
College Plus Education
(0.95, 1.02)
(0.96, 1.04)
(0.99, 1.04)
(0.94, 1.06)
0.997
1.013
0.993
0.98
Number of Children
(0.98, 1.01)
(0.99, 1.04)
(0.98, 1.00)
(0.96, 1.02)
Health Status and Behavior
1.448***
1.138
1.079
1.272**
Child Health Status - Good
(1.18, 1.78)
(0.88, 1.48)
(0.95, 1.23)
(1.02, 1.58)
1.093
1.480**
1.418***
1.163
Child Health Status - Fair or Poor
(0.71, 1.68)
(1.01, 2.17)
(1.11, 1.81)
(0.75, 1.81)
0.972**
0.975*
0.988
0.962*
Never Smoked Cigarettes
(0.95, 0.99)
(0.95, 1.00)
(0.98, 1.00)
(0.92, 1.00)
1.021
1.006
1.010
0.995
Some Light Physical Activity
(0.99, 1.05)
(0.97, 1.04)
(0.99, 1.03)
(0.95, 1.05)
0.993
0.993
1.002
1.013
Frequent Light Physical Activity
(0.96, 1.03)
(0.95, 1.04)
(0.98, 1.02)
(0.96, 1.07)
0.968**
0.973
0.988
0.947**
Some Vigorous Exercise
(0.94, 1.00)
(0.94, 1.01)
(0.97, 1.00)
(0.91, 0.99)
0.969**
0.965**
0.985*
0.934***
Frequent Vigorous Exercise
(0.94, 1.00)
(0.93, 1.00)
(0.97, 1.00)
(0.89, 0.98)
0.974
0.987
1.002
0.987
Insured Past 2 Years
(0.94, 1.01)
(0.95, 1.03)
(0.98, 1.03)
(0.93, 1.05)
* p < .10, ** p < .05, *** p< .01
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As explained in Chapter 3, competing-risk Cox proportional hazard models were run in
several steps to understand the behavior of the key independent variable ‘Chronic Obesity’ in the
context of a variety of demographic, socioeconomic, and health variables. As discussed earlier in
this chapter, some of these variables are static, and some vary from wave to wave. These details
were all specified in the models and the results will be discussed in terms of all four health
conditions by independent variable.
Weight Status
Chronic Obesity – In the full model, being chronically obese was statistically significant
for all four health conditions. For the diagnosis of asthma and diabetes, the hazard for those in
the chronically obese category was 4.08 and 3.51 times the hazard compared with those who
were in the ‘Not Obese 1986 or 1999’ category, respectively. This follows for the hazard ratio
for stroke/heart attack and hypertension where chronically obese individuals have over twice the
hazard for stroke/heart attack, or hypertension as compared to those who were in the ‘Not Obese
1986 or 1999’ category. All four of these hazard ratios are significant at the .01 level.
Though obesity has been linked to stroke, type 2 diabetes, and heart disease, many of
these studies use a cross-sectional measure of obesity (Flegal, Graubard, Williamson, & Gail,
2007; Faeh, Braun, Tarnutzer, & Bopp, 2011). By comparing chronic obesity with three other
longitudinal weight status measures, their relationships can be further understood. Table 5.7
displays the hazard ratios for ‘Chronic Obesity’ from the full model (Model 4) for each of the
health conditions. The first row shows the same hazard ratios that were seen in Table 5.6, with
‘Not Obese 1986 or 1999’ as the omitted category. The second and third rows display the hazard
ratios with the other two categories omitted, in order to compare ‘Chronic Obesity’ with each of
the three weight status categories.
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Table 5.7 - Chronic Obesity Measure Comparisons – Health Conditions
Stroke/
Omitted Category
Asthma
Diabetes
Hypertension
Heart Attack
4.083***
3.511***
2.152***
2.146***
Not Obese 1986 or 1999
(3.32, 5.02) (2.73, 4.51) (1.89, 2.45)
(1.67, 2.76)
1.929***
2.135***
1.355***
1.351*
Obese 1986 & Not Obese 1999
(1.43, 2.60) (1.46, 3.11) (1.09, 1.68)
(0.96, 1.91)
1.546***
2.150***
1.186**
1.180
Not Obese 1986 & Obese 1999
(1.22, 1.96) (1.57, 2.95) (1.02, 1.38)
(0.87, 1.61)
Hazard Ratios taken from the full model runs (Model 4) and replacing omitted category
* p < .10, ** p < .05, *** p< .01

Starting with those in the ‘Asthma’ sample, being in the ‘Chronic Obese’ category has a
statistically significant higher hazard when compared to all three weight status variables at the
.01 level. Not only is being chronically obese yield a hazard of over 4.0 as compared to those
who are not obese, but being chronically has a hazard of nearly two and over 1.5 as compared to
those who were ‘Obese in 1986 & Not Obese in 1999’ and those who were ‘Not Obese in 1986
& Obese in 1999’. A similar story holds for those in the ‘Diabetes’ sample, where those who
were chronically obese had a hazard of over 2.1 for both categories where individuals were obese
in either 1986 or 1999, but not both. The ‘Stroke/Heart Attack’ and ‘Hypertension’ samples have
very similar hazard ratios, though being chronically obese is not statistically significantly
different from the ‘Not Obese 1986 & Obese 1999’ category for the ‘Hypertension’ sample.
Overall, for the health condition survival analyses, being in the ‘Chronic Obese’ weight
category statistically significantly increases the hazard ratios for 11 out of 12 comparison groups.
Though the largest hazard ratio occurs in the ‘Asthma’ sample for those who are chronically
obese as compared to those who were not obese in either 1986 or 1999, the nature of chronic
obesity seems to have the most overall qualitative significance in the ‘Diabetes’ sample, where
each of the three hazard ratios were above 2.1 and significant at the .01 level. For these
individuals, even when compared with individuals who were obese at one of the cross-sectional
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points in time, they still saw twice the hazard ratio. Once again, these results are taken from the
full model (Model 4), so all demographic, socioeconomic, and health variables are also
controlled for in these analyses.
Demographic Independent Variables
Age - Age is a significant factor in all of the analyses at the .01 level, and though the
hazard ratio is quite small, when put into context with the range of the age variable the hazard
ratios are more substantial. Table 5.8 displays the hazard ratios in terms of their change over
specific time intervals. From 1999-2013 the age range of the sample is 31-78, spanning 47 years.
Looking at the table below, one can look at the difference in hazards by each health condition.
As an example, an individual in the hypertension sample at age 75 would have a 1.43 higher
hazard compared to an individual at age 35 of being diagnosed with the condition. Though this is
the largest hazard ratio in the table, it is not the most important. Since these hazard ratios are
non-linear, a 55 year old as compared with a 35 year old would have an increased hazard of 1.19
for hypertension as well as a 65 year old as compared with a 45 year old.

Timespan
1 year
10 years
20 years
30 years
40 years

Table 5.8 Hazard Ratios for Age over Time
Stroke/
Asthma
Diabetes
Hypertension
Heart Attack
1.003
1.007
1.004
1.009
1.030
1.072
1.041
1.094
1.062
1.150
1.083
1.196
1.094
1.233
1.127
1.308
1.127
1.322
1.173
1.431

This makes intuitive sense, since the older an individual is the longer they are exposed to
getting a health condition, as well as the longer period of time that their cumulative
disadvantages throughout life are able to take a toll on their physical health (O'Rand, 1996).
Healthy habits can decrease the likelihood of disease onset in the short-term, but overall the
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aging process increases the probability of disease and ultimately mortality (Suzman, Willis, &
Manton, 1992). Overall, age seems to have a greater association with diabetes and hypertension,
however, the statistical significance shows that it is an important factor across all four health
conditions.
Sex - Being female is only statistically significant in the diabetes analysis. As compared
to being male, being female has an almost 29 percent lower hazard in the diagnosis of diabetes or
high blood sugar. The number of adults diagnosed with diabetes has increased among adults in
the United States in the past several decades, as shown in Chart 5.6, with the number of adults
diagnosed more than doubling from 1999 to 2013. Since this is the same time period health
conditions are considered in this analysis, it is of particular interest.

Chart 5.6(in
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As seen in Chart 5.7, the age-adjusted rates of diabetes closely matched each other during
the first half of the time period in this analysis, from 1986 to 1999. From 1999 to 2013, however,
men have started to see an age-adjusted rate of diabetes that is higher than women each year.
Though the rates were equal in 1986, in 2010 there was a 1.3 point difference in the rate per 100
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people. Since the PSID analyses only pick up diagnoses of diabetes from 1999 to 2013, the lower
hazard ratio for being female as compared with being male aligns with the trends in the United
States.

Chart
5.7 - Age-Adjusted
of Diabetes
Age-Adjusted
Rate ofRate
Diabetes
in thein the
United
States
Sex(per
(per 100)
100)
United
States
bybySex
8

Data Source: National Health Interview Survey

1999

Rate (per 100)

7
6
5
4

3
Men

2

Women

1986 1988 1990 1992 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012

Year

Race - Continuing with race, however, being ‘Non-Hispanic Black’ as compared to being
‘Non-Hispanic White’ has statistically significant higher hazard ratios for ‘Asthma’,
‘Stroke/Heart Attack’, as well as ‘Hypertension’ (with values of 1.28, 1.40, and 1.53
respectively). These are all significant at the .01 level and show that even when education,
income, and physical activity are controlled for, there is a higher hazard for black individuals for
three of the four diseases. These findings match with the prevalence statistics in the United
States, which also show the higher percentage of diabetes for black individuals, though this
association does not exist in the full model (Kuh & Ben-Shlomo, 2004). In 2014, 9.9 percent of
black individuals reported having asthma, while 7.6 percent of white individuals did (Centers for
Disease Control and Prevention, 2016). The same trend is true for the rates of heart attack,
stroke, and other cardiovascular conditions including hypertension, where black men and women
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have higher rates of conditions than white men and women respectively (Mozaffarian, et al.,
2015).
Being black is significant and greater than one when it is the only factor in the diabetes
model, but it loses its significance in the full model. Models were also run with only two
covariates, black and female, black and chronically obese, and black and age since these were the
most significant covariates in the full model for the diabetes analysis. These did not nullify the
significance of being black, however, when combined in the full model, being black lost its
association. Since it does have significance and an approximately equal hazard ratio as the other
health condition analyses when put into the model alone, the covariates in the model have
moderated the association of race.
As for the ‘Other Race’ category, it is a bit more difficult to interpret. Being in the other
race category as compared to being white has statistically significant higher hazard ratios for
‘Asthma’ and ‘Stroke/Heart Attack’ (with values of 1.62 and 1.56 respectively). It is not
significant in the ‘Diabetes’ or ‘Hypertension’ samples and is only significant at the .10 level for
the ‘Asthma’ sample. Though there are Hispanics and Asians in the ‘other race’ group, there are
also Native Americans, and those who report ‘other’ as their racial category. For this reason,
trends in this category are not easily extrapolated to a broader context. Since they are not white,
or black, however, they needed to be included in their own category. In these specific health
conditions, Hispanics often have higher risks, while Asians have lower risks, but with small
sample sizes and other racial categories combined into one conglomerate group, the ‘Other Race’
variable separates the ‘Black’ and ‘White’ groups more than creating a substantive group of its
own.
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Physical Health and Health Behavior Variables
Childhood Health Status – The status groups ‘Good’ and ‘Fair and Poor’ are compared
with a childhood health status of ‘Very Good and Excellent’. The results show that having lower
levels of self-reported childhood health increase the hazard rates for all four groups, though in
slightly different ways. Having a ‘Good’ self-reported health status is significant for the
‘Asthma’ and ‘Hypertension’ groups, while the ‘Fair and Poor’ group is significant for the
‘Diabetes’ and ‘Stroke/Heart Attack’ groups. It is also the case that for the ‘Asthma’ and
‘Hypertension’ groups, those who reported having ‘Good’ childhood health have statistically
significantly higher hazards than those who reported having ‘Fair or Poor’ childhood health.
What is likely happening in these cases is that the individuals who reported being in ‘Fair or
Poor’ health in childhood also reported having asthma or hypertension in 1999, and are thus not
included in this sample. The full sample includes 3.4 percent in the ‘Fair or Poor’ category, while
the asthma and hypertension contain 2.9 and 3.1 percent in the ‘Fair or Poor’ category,
respectively.
This is not the case in the ‘Diabetes’ or ‘Stroke/Heart Attack’ samples, where the
categories of ‘Good’ versus ‘Fair or Poor’ are not statistically significant from one another.
Overall, the differences show that health status in childhood, even when reported retrospectively,
can have a strong association with later in life outcomes (O'Rand, 1996; Hayward & Gorman,
2004).
Smoking Status – Smoking was included as an example of a health behavior. Having
never smoked cigarettes is seen as a healthy behavior, where not partaking in a risky health
behavior can manifest itself in an individual’s health being better than those who do partake in
the risky health behavior. Having never smoked cigarettes has statistically significant hazard
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ratios for the ‘Asthma’, ‘Diabetes’, and ‘Hypertension’ groups, all significant at the .01 level,
and all with hazard ratios in the range of 0.962-0.975.
In the Surgeon General’s report, smoking is stated as a cause of type 2 diabetes, where
smokers are 30 to 40 percent more likely to develop type 2 diabetes than non-smokers (U.S.
Department of Health and Human Services, 2014). It is also linked to asthma and other
respiratory diseases in children and adults, and is a major cause of hypertension. It is surprising
to see that abstaining from smoking does not decrease the hazard of being in the stroke/heart
attack group, even in a bivariate model, since smoking has been linked to stroke, heart attack,
and many other forms of cardiovascular disease (U.S. Department of Health and Human
Services, 2014). Smoking is, however, seen to be a significant factor underlying hypertension,
which, in turn, is a major risk factor of cardiovascular disease.
Physical Activity - Exercise is measured on two levels, both the intensity and the
frequency of the activity. Light physical activity is not associated with any of the health
conditions, regardless of the frequency. Vigorous activity, however, is significant, and is
associated with a lower hazard for ‘Some Vigorous Exercise’ and an even lower hazard for
‘Frequent Vigorous Exercise’ for the ‘Diabetes’, ‘Stroke/Heart Attack’, and ‘Hypertension’
samples. The hazard ratios between ‘Some Vigorous Exercise’ and ‘Frequent Vigorous
Exercise’, however, are not statistically significantly different from each other in any of the
samples, showing that ultimately vigorous exercise in any amount is beneficial.
For hypertension, stroke, and heart attack, exercise is recommended as a preventive
measure as well as a suggestion to help reduce symptoms once they are present (Mozaffarian, et
al., 2015). Another study found that in the case of hypertension, only in the presence of recent
high physical activity did previous physical activity have an effect, showing that capturing
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dynamic measures over time is indeed important in appropriately quantifying these associations
(Paffenbarger, Wing, Hyde, & Jung, 1983). For the ‘Diabetes’ sample, exercise is a key to
preventing type 2 diabetes. Since the increase of the health condition has been attributed to the
prevalence of sedentary lifestyles and obesity, exercise has been shown to counteract this
problem in the clinical setting and beyond (Tuomilehto, et al., 2001).
The hazard ratios for ‘Some Vigorous Exercise’ and ‘Frequent Vigorous Exercise’ are
virtually identical in the ‘Asthma’ sample (.968 to .969, respectively), though those in the
‘Asthma’ group may see these associations as the effect of reverse causality. Physical exercise
can trigger asthma attacks and those who have other health issues like allergies that are often
related to asthma may avoid exercise (Centers for Disease Control and Prevention; American
Public Health Association, 2009). Due to these connections, it is likely that those who continue
to partake in vigorous exercise throughout life do not have and will not get asthma. At older
ages, however, staying active is an important part of having continued lung strength to keep
health conditions like asthma at bay.
Summary
For health conditions, being chronically obese has by far the strongest and most
statistically significant associations across all four health conditions. Though not all four
conditions have the same patterns of significant independent variables, most of them share the
same trends in whether their associations increase or decrease the hazard of being diagnosed with
one of the health conditions as compared to the reference groups. Each of these groups is tested
with the competing-risk of death, while the full models account for a large range of pertinent
demographic, socioeconomic, and health related content.
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Results - All-Cause Mortality Analyses
Moving forward to the full sample, this final set of analyses looks at all-cause mortality
in the same way the health conditions were considered in the previous section. In Table 5.9,
weight status, sex, race, smoking status, and childhood health status are considered separately as
binary variables in the Nelson-Aalen Cumulative Integrated Hazard Models. As explained
previously in Table 5.5, the hazard ratios and their corresponding 95% confidence intervals are
displayed to show whether or not the binary value of one versus zero is statistically significant at
the 95% confidence level. Being in the chronically obese category is associated with twice the
hazard as compared with those who are not chronically obese. Being female as compared to male
does not have a significant association with mortality, nor does being white as compared with
being any other race.
Smoking status, however, is not only statistically significant, but the hazard ratio for
‘Never Smoker’ is less than half of that than those who are current or former smokers. Though
this does not take any covariates into account, significant with a 95 percent confidence interval
of (0.32, 0.57). Having a self-reported childhood health status of fair or poor and compared to the
reference category of excellent, very good, or good has a similar percent difference to that of
those who are chronically obese. However, the hazard ratio is not as robust and the confidence
interval is much wider. Finally, reporting no physical activity is associated with triple the hazard
of dying from all-cause mortality during the time period as compared to those who report doing
some physical activity. The next steps will explore how these factors interact in a multivariate
model.
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Table 5.9 - Estimated Prevalence for Mortality

(Nelson-Aalen Cumulative Integrated Hazards)
Death
Variables
HR
95% CI
Weight Status
Not Chronically Obese
1.00
Chronic Obese
2.08
(1.47, 2.95)
Sex
Male
1.00
Female
0.79
(0.61, 1.02)
Race
Not White
1.00
White
0.85
(0.64, 1.11)
Smoking Status
Former, Current Smoker
1.00
Never Smoker
0.43
(0.32, 0.57)
Child Health Status
Excellent, Very Good, or Good
1.00
Fair or Poor
1.88
(1.03, 3.44)
Physical Activity
Some Activity
1.00
No Physical Activity
3.00
(2.29, 3.93)
Percent – Cumulative Percentage at t=14 (year 2013)
HR – Hazard Ratio, CI – Confidence Interval

Cox proportional hazard models were run in several steps to see the associations between
the key independent variable ‘Chronic Obesity’ as well as additions to the model of
demographic, socioeconomic, and health status and behavior variables. Table 5.10 displays the
results with the discussion to follow.
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Table 5.10 - Cox Proportional Hazard Model Estimates for Mortality 1999-2013
Model 1
Model 2
Model 3
Model 4
Hazard Ratio (95% Confidence Interval)
Chronic Obesity
2.212***
1.740***
1.454**
1.408*
(1.55, 3.16)
(1.21, 2.51)
(1.01, 2.10)
(0.96, 2.06)
Obese 1986 Not Obese 1999
3.212***
2.412**
2.209**
2.153*
(1.54, 6.71)
(1.15, 5.07)
(1.03, 4.75)
(0.99, 4.66)
Not Obese 1986 Obese 1999
1.124
0.950
0.977
0.958
(0.77, 1.65)
(0.65, 1.39)
(0.67, 1.43)
(0.65, 1.41)
Age
1.004***
1.007***
1.005***
(1.00, 1.01)
(1.00, 1.01)
(1.00, 1.01)
Female
0.673***
0.589***
0.550***
(0.52, 0.88)
(0.45, 0.77)
(0.41, 0.74)
Black
1.729***
1.390**
1.303
(1.27, 2.35)
(0.99, 1.95)
(0.93, 1.82)
Other Race
0.130**
0.133*
0.127**
(0.02, 0.98
(0.02, 1.02)
(0.02, 0.97)
Never Married
1.083***
1.100***
1.085**
(1.03, 1.14)
(1.05, 1.16)
(1.03, 1.14)
Separated, Widowed, Divorced
1.073***
1.061***
1.034*
(1.04, 1.11)
(1.03, 1.09)
(1.00, 1.07)
Total Family Income (logged)
0.984***
0.988***
(0.98, 0.99)
(0.98, 0.99)
High School Plus Education
0.954***
0.967*
(0.92, 0.99)
(0.93, 1.00)
College Plus Education
0.916***
0.947**
(0.88, 0.96)
(0.91, 0.99)
Number of Children
1.004
1.002
(0.98, 1.03)
(0.98, 1.03)
Child Health Status - Good
1.424**
(1.04, 1.95)
Child Health Status - Fair or Poor
1.357
(0.75, 2.45)
Never Smoked Cigarettes
0.953***
(0.92, 0.99)
Some Light Physical Activity
0.895***
(0.85, 0.94)
Frequent Light Physical Activity
0.939**
(0.88, 1.00)
Some Vigorous Exercise
0.950***
(0.91, 0.99)
Frequent Vigorous Exercise
0.977
(0.94, 1.01)
Insured Past 2 Years
0.996
(0.95, 1.05)
* p < .10, ** p < .05, *** p< .01,

Model 5
1.490**
(1.03, 2.16)
2.053*
(0.96, 4.37)
0.943
(0.64, 1.38)
1.005***
(1.00, 1.01)
0.599***
(0.45, 0.80)
1.28
(0.92, 1.79)
0.128**
(0.02, 0.96)
1.079***
(1.03, 1.13)
1.031*
(1.00, 1.07)
0.987***
(0.98, 0.99)
0.966**
(0.93, 1.00)
0.947**
(0.91, 0.99)

1.406**
(1.03, 1.92)
1.318
(0.73, 2.38)
0.950***
(0.92, 0.98)
0.895***
(0.85, 0.94)
0.940*
(0.88, 1.00)
0.950***
(0.91, 0.99)
0.977
(0.94, 1.01)
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Weight Status
Though chronic obesity has a hazard ratio of over 2.2 and statistical significance at the
0.01 level in Model 1, it is reduced to a value of approximately 1.5 in Model 5 showing
statistical significance at the .05 level as compared to those ‘Not Obese in 1986 or 1999’. Similar
to Table 5.7, Table 5.11 displays the hazard ratios for ‘Chronic Obesity’ from the full model
(Model 5) for the ‘Mortality’ sample. The first row shows the same hazard ratio that was seen in
Table 5.10, with ‘Not Obese 1986 or 1999’ as the omitted category. The second and third rows
display the hazard ratios with the other two categories omitted, in order to compare ‘Chronic
Obesity’ with each of the three weight status categories.
Table 5.11 - Chronic Obesity Measure Comparison - Mortality
Hazard Ratio
Percentage of Sample
Omitted Variable
(95% Confidence Interval)
(Weighted)
1.490**
Not Obese 1986 or 1999
76.53%
(1.03, 2.16)
Obese 1986 & Not
1.039
2.48%
Obese 1999
(0.64, 1.68)
Not Obese 1986 &
1.580*
12.00%
Obese 1999
(0.98, 2.55)
* p < .10, ** p < .05, *** p< .01

Hazard Ratios taken from the final model runs (Model 5) and replacing omitted category
Being in the ‘Chronic Obese’ category is associated with a statistically significantly
higher hazard ratio of 1.58 at the .10 level compared to those in the ‘Not Obese 1986 & Obese
1999’ group. This hazard ratio is similar to the hazard comparing those in the ‘Chronic Obese’
category with those in the ‘Not Obese 1986 or 1999’. Being in the ‘Chronic Obese’ category,
however, is not statistically significant from those in the category ‘Obese 1986 & Not Obese
1999’. Though perhaps this result comes from the fact that the sample is quite small, or that
being obese earlier in life has some lifelong detrimental effects, they are not significantly
different, nor is the hazard much higher than one. These adults, as they are followed over this
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time period, are gaining weight over time in line with the trend of the nation. This specific
sample’s obesity rate nearly doubled over 13 years, showing why it is important to obtain more
than just a snapshot of an individual’s life, whether in terms of weight status, physical activity,
education, or health behaviors (Cao, 2015; Claessen, Brenner, Drath, & Arndt, 2012).
Demographic Variables
Sex - Being female is also a statistically significant factor, with women experiencing
approximately 60 percent of the hazard for all-cause mortality in comparison to men. This makes
intuitive sense, considering that women tend to live longer and have higher life expectancies.
For example, from 2010 to 2013, a woman’s life expectancy (81.2 years) was 4.8 years longer
than a man’s (76.4 years) (Xu, Murphy, Kochanek, & Bastian, 2016).
Race - Though being black shows some significance with a higher hazard ratio in models
two and three it loses that significance in models four and five. Being in the ‘Other Race’
category, however, is statistically significant at the 0.05 level and is associated with an 87
percent decrease in hazard ratio as compared to those who are non-Hispanic white. In addition,
in the full model (Model 5), being black has a hazard ratio of 2.0 as compared to those in the
‘Other Race’ category and is statistically significant at the .10 level. It should be noted that there
are very few individuals in this group, with the total constituting 1.2% of the mortality sample.
Marital Status - Being married is negatively associated with mortality, since the ‘Never
Married’ as well as the ‘Separated, Widowed, and Divorced’ categories have statistically
significant hazard ratios that are above one, 1.08 and 1.03 respectively. Also, those who have
never been married have a hazard of 1.05 which is significant at the .05 level as compared to
those who have are separated, widowed, and divorced. This result follows with the literature on
the selection into marriage of healthier individuals, which could explain why those who are in
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the ‘Never Married’ group might be at a higher risk than those who have intact marriages or
marriages that have ended (Johnson, Backlund, Sorlie, & Loveless, 2000).
Socioeconomic Status Variables
Income and Education - Total family income, having a high school plus education, and
having a college plus education as compared to less than a high school education have hazard
ratios of 0.987, 0.966, and 0.947 respectively; though it is important to remember that total
family income is a continuous measure. While having a high school plus education may seem to
be a more robust measure, total family income has a large range of values, where the logged
value ranges from zero to approximately 15.5. This follows with the literature, which has found
on many occasions that socioeconomic status, both higher levels of income and education, are
associated with lower risks of mortality (Nandi, Glymour, & Subramanian, 2014; Steenland,
Henley, & Thun, 2002).
Physical Health and Health Behavior Variables
Childhood health status – Childhood health status is statistically significant, the
individuals who reported having ‘Good’ health in childhood have a 40 percent higher hazard of
all-cause mortality in the analysis time period as compared to those who reported being in ‘Very
Good or Excellent’ health category. Though those in the ‘Fair or Poor’ category see and
increased hazard ratio, it is not significant, though as previously stated the sample size is quite
small.
Smoking Status – Individuals who have never smoked cigarettes have a statistically
significant lower hazard of dying during the analysis time period from 1999-2013. This is in
comparison to current and former smokers. It has been reported that between 1965 and 2014
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nearly 21,000,000 premature deaths have been caused by smoking and exposure to secondhand
smoke. Diseases associated with smoking are predominantly cancer, cardiovascular and
metabolic diseases, and pulmonary disease (U.S. Department of Health and Human Services,
2014). This report shows, however, that even if individuals have never smoked a cigarette, they
may still face health consequences due to secondhand smoke.
Physical Activity – Looking beyond physical activity as a dichotomous measure of active
versus not, the full model shows that reporting some light physical activity, frequent light
physical activity, and some vigorous activity all lower the hazard of all-cause mortality during
the study period in a statistically significant way. Frequent vigorous activity, however, does not
hold significance in the model. The trend that is seen in the hazard ratios is that the least
strenuous less frequent amount of activity has the most quantitative and statistical ‘benefit’ for
lowering the hazard of all-cause mortality, followed by the least strenuous and more frequent,
and finally the more strenuous and less frequent. This pattern is interesting, more exercise is
usually better, especially under the conditions where the vigor and frequency are relatively low.
Summary
The results from this set of analyses show that longitudinal measures of obesity allow for
the dynamic qualities of weight status to be considered over time. As Matthew Gillman stated:
The current research agenda includes not only how to identify and quantify determinants
[of obesity] at each life stage, but how to tackle the analytic challenges of figuring out
how these determinants act in concert with each other and over time. […] Prevention of
obesity is particularly suited to a life course perspective. Its aetiology is
multidimensional, including biological, behavioural, and social processes. In addition, its
development likely encompasses both critical (or sensitive) periods and accumulation of
risk over time (Kuh & Ben-Shlomo, 2004, pp. 189-190).
The research on this topic may never be completed, since the nature of the factors associated
with obesity are constantly changing and evolving.
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Chapter 6 – Implications, Recommendations, and Future Research
Big Picture
As is true for many risk factors, the prevention of obesity throughout the life-course is
important for the health and well-being of the population of the United States. The ramifications
of obesity on our society go far beyond the individual-level and put a strain on our health care
system and the families to which we belong. It has been shown that once an individual becomes
obese they are very likely to either stay in that category or return to it later in life. This is true
for children, adolescents, young adults, and adults. The obesity epidemic is truly an issue that
affects all periods of life course and needs to be addressed from many different angles.
Because of the additive nature of the deleterious effects obesity has on the body,
preventing obesity in children could be the most important piece of this puzzle. If children are
given the right tools to live a healthy lifestyle as they grow up, they may be able to stop the
obesity epidemic in its tracks for the next generation. While holding demographic,
socioeconomic, and health behavior factors constant, having a parent with a greater knowledge
of the connections between diet and disease significantly improves their child’s diet. Diets with
more diversity in food groups, are, in turn, associated with significantly lower odds of children
becoming obese as adolescents and young adults. Parental diet disease knowledge is an
important factor even when other parental education variables are present.
Previous studies have shown that there is little connection between parental knowledge of
USDA food pyramid guidelines, the five a day program, and child diet or weight status. This
diet disease knowledge index, however, adds a layer of applied understanding, by linking food
and nutrition content to disease. Initiatives are currently underway in an attempt to make this
type of applied knowledge more widespread. One example is the Overall Nutrition Quality
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Index (ONQI), which uses an objective metric of nutrition quality of foods that is being taught to
both children and adults (Katz, et al., 2009). So far it has proven to help children understand the
contents of their food, but how it will translate into their diets and weight status in the long term
has yet to be seen (Reynolds, et al., 2012). This index has also been applied to women and men
from the Nurses’ Health Study, where those with the highest scores (best nutrition) were found to
have a significantly lower relative risk for chronic disease, cardiovascular disease, diabetes, and
all-cause mortality as compared to those with the lowest scores (worst nutrition) (Chiuve,
Sampson, & Willett, 2011).
This new index, ONQI, may certainly be a step forward from the indexes that did not
consider nutritional components in such a specific way when recommending which food groups
to eat, but its application in grocery stores and schools by labelling foods with the ‘NuVal’
(nutritional value) Score may be another misguided attempt to try and make people learn
something without actually teaching them anything. Perhaps it is not enough to simply tell
people what they need to do, “eat more vegetables”, “never eat fast food”, “only buy foods with
a NuVal score above 50,” but rather to educate them as to how food is connected to health
directly, medically, and how diet and disease are inextricably linked.
Unfortunately, as of 2013 more than 35 percent of the adult population in the United
States are already past the point where prevention is possible. Over the past 30 years the rise in
obesity has been so stark, that even the measurements with which to quantify the problem are
still being explored.
As the life course perspective informs us, there is more than one dimension of time. Not
only do individuals age through their own life course trajectories, but cohorts move through
historical time with unique circumstances and challenges which affect their outcomes differently

127

than any other cohort. In terms of the obesity epidemic, the last 30 years have been different in
ways that we have not seen it in our country’s history or across the globe. Though some studies
are showing the leveling off of obesity rates, having 35 percent of the population in the obese
category is a major issue that is not easily reversed (Levi, Segal, St Laurent, & Rayburn, 2015).
The cohort of individuals who are currently are reaching older ages were not children during the
rise of the obesity epidemic, so their health consequences will be much different than the young
adults who have grown up, or are growing up, from the 1980s to 2016 and beyond.
Limitations
As stated at several points throughout this dissertation, the main limitation is that height
and weight measures were only available through self-report for individuals in the main PSID as
well as the Transition into Adulthood Supplement. The bio-measures were available for children
interviewed in the Child Development Supplement, because the interviews were conducted in
person, however, all other interviews are completed over the phone. Another limitation due to
the administration of the survey is that there were no alternate measures of weight status or
obesity that could have been used to test the measure of Body Mass Index. Though BMI was the
preferred index due to its extensive use across many disciplines including sociology, public
health, epidemiology, demography, and others, some studies could not be directly compared.
Another limitation focuses on the timing of the data collection from 1999 to 2013. The
diagnosis of health conditions questions were asked in each wave, but the waves were two years
apart. The dependent variables in the analyses are based on relatively large time windows, and
though the PSID is a prospective study, a two-year gap between interviews may bring recall bias
into the responses. Though it would be less likely to forget a health event like a heart attack, it
may be easier for an individual to forget to report that a health professional told them that they
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had an occurrence of high blood pressure, for example. Also, for those who do report a health
condition, we do not know the actual onset of the condition, only when a doctor or health
professional diagnosed them with it.
Future Research
Since this project investigated many different concepts across several disciplines, the
possibilities for continuing study are vast. By looking from the life course perspective, new
projects can be framed by following the same cohort through new periods of life, comparing
cohorts in order to detect changes over historical time, as well as considering transitions that
were not examined in this work.
Preventing Obesity in Young Adulthood
In keeping with the life course perspective and the literature on preventing obesity not
only in children but in young adults, following the cohort of children from the Child
Development Supplement beyond 2007 would allow the transitory period between childhood and
adulthood to be captured. The Transition into Adulthood Supplement has been collected
biennially since 2005, and the 2015 wave of data will be available in 2017. Once these data have
been released, the children who were originally selected for the first wave of the CDS in 1997
will be between the ages of 18 and 30 with prospective measures of their lives collected since
childhood or even infancy and information from their parents, grandparents, and even greatgrandparents in some cases.
The TAS, in connection with the main PSID study, which interviews any of these
‘children’ who have started their own households, would allow for an extension of the research
undertaken in Chapter 4 of this dissertation. This prospective panel of children through
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adulthood would also fill in some of the gaps from Chapter 5, where a retrospective measure of
childhood health was used in order to better understand childhood circumstances. With the rich
data on the children from the CDS, combined with the continued follow-ups from the TAS and
PSID, this young adult age group could be a point of focus in understanding which factors are
most important in preventing obesity in young adulthood from a very young age.
Comparing Child Cohorts
In 2014, data from a new cohort of the Child Development Supplement were collected.
This is an entirely new cohort of children age zero to 18 as of 2013, who are children of PSID
sample families. Though it will be too early to do longitudinal analyses on this cohort until 2020,
the future holds the promise for cohort comparisons within the sampling structure of the PSID.
The questionnaires, scales, and design are very similar, and since the changes in obesity rates in
the United States have changed so rapidly over the past three decades, it will be very interesting
to see what the children of the new CDS are faced with as they move through their life course.
New collections of the Transition into Adulthood Supplement will also be collected in order to
bridge the gap between the CDS and the PSID.
The CDS-2014 data will be released in 2016, and will contain the same detailed
questionnaires from primary caregivers, children, a time diary component, and linking ability to
the main PSID. The replication of the results from Chapter 4 with a new cohort 13 years later
would have very interesting implications for the ways in which our country’s children are
becoming obese.
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Cause of Death in Adults
Chapter 5 discussed mortality in terms of all-cause mortality, simply stating whether an
individual had died between the two waves of data collection. Though many studies have used
the same measure to look at the connections between obesity and mortality, the PSID data do
give the opportunity to look further into the specifics of mortality. Through a restricted data
contract, the public data, which were exclusively used for this dissertation, can be linked to the
restricted mortality files that contain information from the National Death Index (NDI),
including the month and year of death, age at death, location of birth and death, as well as the
cause of death. Due to the identifying nature of this data, they are not available publicly and
there is a fee associated with gaining access to them.
Knowing the cause of death information would allow the linking of the two analysis
questions from Chapter 5, namely obesity’s association with health conditions and mortality. By
linking the health conditions to cause of death, it would be possible to see who was predisposed
to which conditions, which individuals died from which causes, and whether chronic obesity was
associated with these links. Using this same framework, it would also be possible to use other
longitudinal measures of weight, including ‘chronic underweight’ as an example.
Aging and Retirement
As individuals in the United States continue to live longer, research on chronic obesity
and retirement would focus on the overall health and economic well-being of individuals as they
age into, and beyond, retirement. This plays a large role not only in expected years of life
remaining in terms of Social Security benefits, but also medical expenditures through Medicare
and before. As the age structure of the population of the United States shifts towards individuals
over the age of 65, we are also seeing health change in different directions. Though much of the
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population is experiencing longer life, or delayed or slowed stages of senescence, and
unprecedented medical advances are prolonging the lives of many with chronic illnesses, a
smaller but growing segment of the population is experiencing worsening health. Though there
are some findings that support some cases of overweight being advantageous in older ages,
obesity is most often associated with higher medical costs, higher rates of disability, and shorter
life expectancies (Finkelstein, Trogdon, Cohen, & Dietz, 2009). By researching the income and
expenditure, program participation, and retirement and pension data more closely for individuals
around retirement age it would be possible to look at these questions in more detail.
Conclusion
To conclude, this dissertation has shown that researching obesity over the life course is
complex, ever-changing, and controversial in many ways. Using sociological theory, a
historically economic survey, epidemiological and demographic methods, and a foundation of
public health inquiry, this project has used information on some individuals from the time they
were in utero and followed others until their death. These first steps answer some outstanding
questions in the literature, but but also raise new questions as we seek to fully understand the role
of obesity in the health and mortality of children and adults.
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Appendix A – Parent Child File Merging
First, a PSID created and managed software program called the ‘Family Identification
Mapping System’ tool was utilized in order to produce a map of identification variables from the
child’s perspective, which linked children of the CDS to their parents (both biological and
adoptive). From there, unique identifiers were created for the children, mothers, and fathers,
where biological and adoptive parents were combined to create an identifier for ‘any mother’ and
‘any father’. This unique identifier takes the summary variable ER30001 (1968 ID) and summary
variable ER30002 (1968 Person Number) and combines them to create a unique code which
holds across all waves. Separate indicators were created to flag those who had one or both
adoptive parents. This file will be called the ‘FIMS file.’
Next, the largest file that was created using the PSID’s online Data Center was modified
in several ways in order to allow pertinent information to be available for merging. The data
were created from the perspective of the CDS child, and as such a unique identifier was created
for each child. From there, the variable ‘Who Was Respondent’ was used to indicate who in the
sample of those with a child in the CDS-II sample had a head or a wife/“wife” as the respondent
in 1999. 99.59 percent of the sample has heads and wives/“wives” as the respondent, with only
seven as OFUMS and non-resident proxies (n=5 OFUMS, n=2 non-resident proxies). The two
non-resident proxies were also found to be parents, so they were able to be kept in the sample,
leaving a remaining sample size of 1,691. Once that was determined, a final step was taken using
the variable ‘Sex of Respondent’ to deduce whether the head of the household was a male or a
female. As is customary for married couples in the PSID since the beginning of study, heads of
the household are male and wives/“wives” are female. There are rare exceptions to this rule,
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though none of these exceptions existed in this data set. This file will be called the ‘Data Center
file.’
The final file needed for this merge was an individual-level file comprised of only
identifying variables. This bridge data set included the specific identification variables from
1999, the same ‘Sex of Respondent’ and ‘Who Was Respondent’ variables from the ‘Data Center
file’, as well as the summary variables 1968 ID and Person Number (ER30001 and ER30002)
that were included in the ‘FIMS file.’ The following steps were then taken. First, only those who
had a valid 1999 family identifier were used, because this is a prerequisite for having been asked
the parental diet disease questions. Next, if ‘Who Was Respondent’ was equal to ‘head’ and the
individual’s ‘Relationship to Head’ was also equal to ‘head’, then that individual was the
respondent in 1999. If ‘Who Was Respondent’ was equal to ‘wife/”wife”’ and the individual’s
‘Relationship to Head’ was also equal to ‘wife/“wife”’, then that individual was the respondent
in 1999. These selected respondents received the unique identifier as they were the respondents,
and potential parents of the CDS children. This file will be called the ‘bridge file.’
In order to merge these files together and identify not only respondents, but parents, the
following was done. First, the ‘FIMS file’ and the ‘Data Center file’ were merged using the CDS
child’s unique identifier. This allowed for a file to be created with the definition of the
respondent’s identity as well as the unique identifiers of the parents. This file will be called
‘child merge file.’ To complete the process, the ‘child merge file’ was merged with the ‘bridge
file’ in a many to one merge based on the unique identifier that was created only for respondents
in 1999. If the unique identifier from either parent in the ‘bridge file’ matched a parent’s unique
identifier from the ‘child merge file’, then it would indicate with a match. The final merged file
then had a complete listing of all children in the sample, their corresponding parents who were
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the respondents in 1999, as well as any spouses or partners of those parents from 1999. Once
these data sets were successfully merged, the variable recoding and construction was able to take
place.
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Appendix B – Hazard Models by Health Condition
Table B1 - Competing-Risk Cox Proportional Hazard Models for Asthma Onset – 1999-2013
Model 1
Model 2
Model 3
Model 4
Hazard Ratio (95% Confidence Interval)
Chronic Obesity
4.522***
4.183***
4.134***
4.083***
(3.73, 5.48)
(3.43, 5.11)
(3.38, 5.05)
(3.32, 5.02)
Obese 1986 Not Obese 1999
4.592***
4.411***
4.224***
4.482***
(2.67, 7.90)
(2.51, 7.75)
(2.39, 7.48)
(2.58, 7.79)
Not Obese 1986 Obese 1999
2.752***
2.65***
2.593***
2.642***
(2.25, 3.36)
(2.16, 3.25)
(2.11, 3.19)
(2.15, 3.25)
Age
1.004***
1.003***
1.003***
(1.00,1.00)
(1.00,1.00)
(1.00, 1.00)
Female
1.029
1.029
1.043
(0.88, 1.21)
(0.88, 1.21)
(0.89, 1.22)
Black
1.416***
1.322**
1.277***
(1.15,1.74)
(1.06,1.64)
(1.03, 1.59)
Other Race
1.626*
1.609*
1.615*
(0.93,2.84)
(0.93, 2.77)
(0.97, 2.69)
Never Married
1.017
1.006
0.998
(0.97, 1.06)
(0.96,1.05)
(0.95, 1.05)
Separated, Widowed,
1.007
0.998
0.987
Divorced
(0.98,1.03)
(0.97,1.02)
(0.96, 1.01)
Total Family Income
0.995
0.999
(logged)
(0.99,1.00)
(0.99, 1.01)
High School Plus Education
0.978
0.988
(0.95,1.01)
(0.96, 1.02)
College Plus Education
0.969*
0.986
(0.94,1.01)
(0.95, 1.02)
Number of Children
0.997
0.997
(0.98,1.01)
(0.98, 1.01)
Child Health Status - Good
1.448***
(1.18, 1.78)
Child Health Status - Fair
1.093
or Poor
(0.71, 1.68)
Never Smoked Cigarettes
0.972**
(0.95, 0.99)
Some Light Physical
1.021
Activity
(0.99, 1.05)
Frequent Light Physical
0.993
Activity
(0.96, 1.03)
Some Vigorous Exercise
0.968**
(0.94, 1.00)
Frequent Vigorous Exercise
0.969**
(0.94, 1.00)
Insured Past 2 Years
0.974
(0.94, 1.01)
* p < .10, ** p < .05, *** p< .01
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Table B2 - Competing-Risk Cox Proportional Hazard Models for Diabetes Onset – 1999-2013
Model 1
Model 2
Model 3
Model 4
Hazard Ratio (95% Confidence Interval)
Chronic Obesity
3.867***
3.551***
3.550***
3.511***
(3.06, 4.89)
(2.77, 4.56)
(2.76, 4.57)
(2.73, 4.51)
Obese 1986 Not Obese 1999
2.786***
2.566***
2.636***
2.704***
(1.47, 5.28)
(1.32, 4.99)
(1.36, 5.12)
(1.40, 5.23)
Not Obese 1986 Obese 1999
1.625***
1.594***
1.620***
1.631***
(1.26, 2.09)
(1.23, 2.06)
(1.25, 2.10)
(1.26, 2.11)
Age
1.006***
1.007***
1.007***
(1.01, 1.01)
(1.01, 1.01)
(1.01, 1.01)
Female
0.704***
0.714***
0.715***
(0.58, 0.85)
(0.59, 0.86)
(0.59, 0.86)
Black
1.114
1.046
1.024
(0.83, 1.49)
(0.77, 1.42)
(0.76, 1.38)
Other Race
0.777
0.786
0.811
(0.30, 1.99)
(0.31, 2.01)
(0.33, 2.01)
Never Married
1.01
1.01
1.001
(0.96, 1.06)
(0.96, 1.06)
(0.95, 1.06)
Separated, Widowed,
1.032**
1.026*
1.014
Divorced
(1.00, 1.06)
(1.00, 1.06)
(0.98, 1.05)
Total Family Income
0.994
0.997
(logged)
(0.99, 1.00)
(0.99, 1.01)
High School Plus
0.989
0.996
(0.95, 1.03)
(0.96, 1.03)
College Plus Education
0.989
1.003
(0.95, 1.03)
(0.96, 1.04)
Number of Children
1.013
1.013
(0.99, 1.04)
(0.99, 1.04)
Child Health Status 1.138
Good
(0.88, 1.48)
Child Health Status - Fair
1.480**
or Poor
(1.01, 2.17)
Never Smoked Cigarettes
0.975*
(0.95, 1.00)
Some Light Physical
1.006
Activity
(0.97, 1.04)
Frequent Light Physical
0.993
Activity
(0.95, 1.04)
Some Vigorous Exercise
0.973
(0.94, 1.01)
Frequent Vigorous
0.965**
Exercise
(0.93, 1.00)
Insured Past 2 Years
0.987
(0.95, 1.03)
* p < .10, ** p < .05, *** p< .01
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Table B3 - Competing-Risk Cox Proportional Hazard Models for Stroke/Heart Attack – 1999-2013
Model 1
Model 2
Model 3
Model 4
Hazard Ratio (95% Confidence Interval)
Chronic Obesity
2.213***
2.170***
2.183***
2.152***
(1.94, 2.52)
(1.92, 2.46)
(1.93, 2.47)
(1.89, 2.45)
Obese 1986 Not Obese 1999
2.415***
2.580***
2.485***
2.521***
(1.65, 3.54)
(1.75, 3.79)
(1.68, 3.68)
(1.70, 3.74)
Not Obese 1986 Obese 1999
1.813***
1.827***
1.802***
1.814***
(1.62, 2.03)
(1.62, 2.06)
(1.60, 2.03)
(1.61, 2.05)
Age
1.004***
1.004***
1.004***
Female
Black
Other Race
Never Married
Separated, Widowed,
Divorced
Total Family Income
(logged)
High School Plus
College Plus Education
Number of Children
Child Health Status Good
Child Health Status - Fair
or Poor
Never Smoked Cigarettes
Some Light Physical
Activity
Frequent Light Physical
Activity
Some Vigorous Exercise
Frequent Vigorous
Exercise
Insured Past 2 Years

(1.00, 1.00)
0.969
(0.88, 1.06)
1.427***
(1.27, 1.61)
1.519**
(1.03, 2.24)
0.999
(0.97, 1.03)
1.012
(1.00, 1.03)

(1.00, 1.00)
0.971
(0.89, 1.06)
1.403***
(1.24, 1.59)
1.540**
(1.05, 2.26)
0.991
(0.96, 1.02)
1.005
(0.99, 1.02)
0.998
(0.99, 1.00)
1.007
(0.98, 1.03)
1.005
(0.98, 1.03)
0.993
(0.98, 1.00)

(1.00, 1.00)
0.975
(0.89, 1.07)
1.395***
(1.23, 1.58)
1.556**
(1.07, 2.26)
0.987
(0.96, 1.02)
1.000
(0.98, 1.02)
0.999
(0.99, 1.00)
1.013
(0.99, 1.04)
1.014
(0.99, 1.04)
0.993
(0.98, 1.00)
1.079
(0.95, 1.23)
1.418***
(1.11, 1.81)
0.988
(0.98, 1.00)
1.010
(0.99, 1.03)
1.002
(0.98, 1.02)
0.988
(0.97, 1.00)
0.985*
(0.97, 1.00)
1.002
(0.98, 1.03)

* p < .10, ** p < .05, *** p< .01
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Table B4 - Competing-Risk Cox Proportional Hazard Models for Hypertension Onset – 1999-2013
Model 1
Model 2
Model 3
Model 4
Hazard Ratio (95% Confidence Interval)
Chronic Obesity
2.402***
2.191***
2.154***
2.146***
(1.88, 3.07)
(1.71, 2.81)
(1.68, 2.77)
(1.67, 2.76)
Obese 1986 Not Obese 1999
2.937***
2.464***
2.409***
2.522***
(1.69, 5.11)
(1.38, 4.40)
(1.35, 4.29)
(1.43, 4.45)
Not Obese 1986 Obese 1999
1.861***
1.817***
1.796***
1.818***
(1.49, 2.33)
(1.45, 2.28)
(1.43, 2.26)
(1.44, 2.29)
Age
1.010***
1.010***
1.009***
(1.01, 1.01)
(1.01, 1.01)
(1.01, 1.01)
Female
0.889
0.895
0.897
(0.75, 1.05)
(0.76, 1.06)
(0.76, 1.06)
Black
1.618***
1.590***
1.528***
(1.30, 2.01)
(1.27, 1.99)
(1.22, 1.91)
Other Race
1.505
1.489
1.514
(0.80, 2.83)
(0.80, 2.76)
(0.84, 2.72)
Never Married
1.084**
1.077**
1.062
(1.01, 1.16)
(1.00, 1.16)
(0.98, 1.15)
Separated, Widowed,
1.026
1.02
1.000
Divorced
(0.98, 1.07)
(0.98, 1.06)
(0.96, 1.05)
Total Family Income
0.996
0.999
(logged)
(0.98, 1.01)
(0.98, 1.01)
High School Plus
0.949**
0.960
(0.90, 1.00)
(0.91, 1.01)
College Plus Education
0.97
0.998
(0.92, 1.03)
(0.94, 1.06)
Number of Children
0.989
0.98
(0.96, 1.02)
(0.96, 1.02)
Child Health Status 1.272**
Good
(1.02, 1.58)
Child Health Status - Fair
1.163
or Poor
(0.75, 1.81)
Never Smoked Cigarettes
0.962*
(0.92, 1.00)
Some Light Physical
0.995
Activity
(0.95, 1.05)
Frequent Light Physical
1.013
Activity
(0.96, 1.07)
Some Vigorous Exercise
0.947**
(0.91, 0.99)
Frequent Vigorous
0.934***
Exercise
(0.89, 0.98)
Insured Past 2 Years
0.987
(0.93, 1.05)
* p < .10, ** p < .05, *** p< .01
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